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General introduction
1.1. Subcellular location (SC L ) o f proteins in bacteria
Bacteria can be differentiated by the classical Gram-staining method into two major groups: the Gram-positive 
and the Gram-negative bacteria. The Gram-positive bacteria have a single lipid-bilayer cell membrane (CM) 
and usually have a relatively thick outer peptidoglycan layer which appears purple with the staining, whereas the 
Gram-negatives can only be stained red or pink due to a much thinner cell wall [1]. The Gram-negative bacteria 
also contain an additional lipid bilayer on the exterior side o f  the cell known as the outer membrane (OM), 
which is separated from the inner cell membrane (IM ) by an intermediate space called the periplasm [2]. 
However, it is known that many bacteria have variable cell structures which do not correspond to their staining, 
e.g. the Selenomonas within the Gram-positive bacteria posses a Gram-negative-like membrane structure, while 
the Mollicutes like Mycoplasma contain a single cell membrane but actually appear Gram-negative when stained 
[3]. Therefore, in the area o f bacterial protein subcellular location (SCL) prediction, the more precise terms o f 
“monoderm bacteria” and “diderm bacteria” have been proposed, since the exact protein location is only 
determined by the protein sorting and anchoring mechanisms, and not by bacterial cell staining [4].
The Swiss-Prot protein annotation database classifies monoderm bacterial proteins into 4 types o f SCLs 
(cytoplasmic, membrane, cell wall and extracellular) and the diderm bacterial proteins into 5 types (cytoplasmic, 
inner membrane, periplasmic, outer membrane and extracellular) [5]. However, considering the various known 
protein secretion systems and particularly variable protein localization mechanisms in bacteria, far more and 
divergent SCLs should be considered when predicting a protein’s final destination [6, 7] (Table 1).
Table 1: The SCLs of proteins in monoderm and diderm bacteria
Bacteria SCL (main) SCL (subclass)
N-terminal hydrophobic tail anchored
Extracellular C-terminus
Intracellular C-terminus
C- terminal hydrophobic tail anchored
Lipid anchored
Monoderm bacteria Covalently/non-covalently cell-wall anchored
Multi-transmembrane
Secreted (released from the bacterial cell via Tat- or Sec)
Secreted by minor pathways
Cytoplasmic
N-terminal hydrophobic tail anchored
Extracellular C-terminus 
Intracellular C-terminus
C- terminal hydrophobic tail anchored
Diderm bacteria
Lipid anchored 
Periplasmic
On inner membrane 
On outer membrane
Multi-transmembrane
Inner membrane 
Outer membrane
Secreted (released from the bacterial cell)
Cytoplasmic
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General introduction
In the monoderm bacteria, the Sec- and Tat- dependent transport systems are the main mechanisms o f protein 
export [8, 9], while the Com-, FEA, FPE, holin and W ss systems are minor pathways. The extracellular proteins 
can be translocated and localized as listed in Table 1 (Figure 1A).
Figure 1: The protein translocation systems in bacteria (adapted from Desvaux et a l 2009 [4])
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Figure 1A: Schematic representation of final subcellular localizations of extracellular proteins in monoderm (Gram-positive) 
bacteria in relation to the translocation systems involved. In monoderm bacteria, secreted proteins can be (i) anchored to the 
CM (i.e. lipoproteins); (ii) attached to the CW either covalently (e.g. by an. LPXTG motif) or noncovalently (e.g. by LysM, 
GW, CWBD1, CWBD2, SLHD, SH3 or WXL domains or motifs); (iii) part of cell-surface appendages, such as 
cellulosomes or pili (the subunits of which are secreted via the Sec system), competence pseudo-pili (assembled via the FPE 
pathway) or flagella (assembled via the FEA pathway); (iv) released into the extracellular milieu via Sec, Tat, holin or Wss 
systems; or (v) translocated into a host cell after secretion via the Sec pathway of a cholesterol-dependent cytolysin, which 
further integrates into the plasmatic membrane of a host cell and then permits transport of secreted effectors in a process 
named cytolysin-mediated translocation (CMT). Black arrows indicate routes of proteins targeted to the CM exhibiting an N- 
terminal signal peptide, whereas blue arrows are routes used by proteins lacking such a signal peptide. Red arrows are 
related to secretion, and violet arrows are related to integration of membrane proteins (IMP). Extracellular proteins are blue. 
Abbreviations: Cyto, cytoplasm; CM, cytoplasmic membrane; IM, inner membrane; CW, cell wall; OM, outer membrane; 
Ext, extracellular.
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Figure 1B: Schematic representation of final subcellular localizations of proteins in diderm (Gram-negative) bacteria in 
relation to the translocation systems involved. In diderm bacteria, extracellular proteins can be (i) cell-surface localized when 
anchored to the OM via Omp85, including some autotransporter proteins of T5SS; (ii) part of cell-surface appendages such 
as flagella (namely, T3bSS) or pili-like structures (namely, type 4 pilus via T2SS, injectisome via T3aSS, pilus T via T4SS, 
type 1 pilus via the chaperone-usher pathway [T7SS] or curli via the extracellular nucleation-precipitation pathway [T8SS]); 
(iii) released extracellularly via T1SS to T6SS; or (iv) directly injected into a eukaryotic or bacterial host cell, namely via 
T3aSS or T4SS. In diderm bacteria, exported proteins can be (a) released into the periplasm via CM protein translocation 
systems (i.e. Sec, Tat or holin); (b) lipoproteins anchored either to the CM/IM or to the OM on the periplasmic side via the 
Lol system [83, 84]; or (c) further subjected to a second translocation event across the OM via the T2SS, T4SS, T5SS, T7SS 
or T8SS. Black arrows indicate routes of proteins targeted to CM and exhibiting an N-terminal signal peptide, whereas blue 
arrows are routes used by proteins lacking such a signal peptide. Red arrows are related to secretion, violet arrows are related 
to integration of membrane protein (IMP), and green arrows are related to export (which is not synonymous with secretion in 
diderm bacteria). Extracellular proteins are blue, and proteins exported to the periplasm are green. Abbreviations: Cyto, 
cytoplasm; CM, cytoplasmic membrane; Peri, periplasm; OM, outer membrane; Ext, extracellular milieu.
In the diderm bacteria, the existence o f an extra outer cell-membrane lead to many additional SCLs compared to 
monoderm bacteria. Correspondingly, a large variety o f systems have been found to be involved in protein 
export in diderm bacteria. The homologous Sec- and Tat- translocation systems play a role in protein export 
from the cytoplasm across the inner membrane, whereas numerous additional machineries (e.g. T 2SS and type 
III-VI secretion systems [4]) further translocate the proteins from the periplasm to the exterior o f  the bacterial 
cell [10-14], resulting in radically different kinds o f subcellular compartments for proteins in diderm bacteria 
(Table 1) (Figure 1B).
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1.2 The prediction of subcellular location (SC L ) of bacterial proteins
With the rapid development o f advanced genome sequencing techniques, a boom o f complete bacterial genome 
sequences has been generated and the number o f new genomes grows steadily every week. Our challenge was to 
develop integrative bioinformatics tools for genome-scale protein subcellular location prediction taking into 
account the complexity o f protein SCLs in monoderm and diderm bacteria. These predictions form one o f the 
most essential steps that can support protein function prediction during genome annotation.
It is known that many conserved features in bacterial protein sequences are highly relevant to the SCL o f the 
proteins (Figure 2). For example, a typical signal-peptide type I has been shown to contain a so-called N-region 
which contains the N-terminus o f the protein, followed first by an H region which is composed o f  consecutive 
hydrophobic residues, forming a trans-membrane a-helix, and then by a C-region containing the signal-peptide 
cleavage site. In monoderm bacteria, the proteins with transmembrane a -helices are usually localized in the bi­
layer lipid inner membrane, whereas in the diderm bacteria the representative feature o f  the outer membrane 
proteins has always been considered to be their distinctive P-barrel structure (Figure 2). Moreover, the domain 
structure and motifs o f  the complete mature proteins may provide clues to features which interact with the 
environments where these proteins reside. Hence, detecting these features can help to predict the localization o f 
the proteins.
In the past decades, numerous SCL predictors have been developed based on detection o f  the localization related 
features o f the protein sequences (Table 2). One o f the very first methods was proposed by Kyte and Doolittle in 
1982 with their amino acids hydropathy index [15]. Subsequently, this index has been widely used with 
refinements [16] or combined with dynamic programming [17]. Machine-learning methods have taken a 
dominant position since the late 9 0 ’s [18]. The reported machine-learning methods have included neural 
networks [19, 20], Hidden Markov Models (HM M s)[21-23], Bayesian networks [24], random forest [25] and 
support-vector machine (SVM ) [26-28]. It is worth emphasizing that in recent years SVM has become one o f 
the most popular methods in the area o f SCL prediction, especially those that use not only sequence features but 
also different sources o f  information as the training inputs. For example, PSLpred [29] combined the gapped di­
peptides composition, amino acid physico-chemical properties and evolutionary information, P-CLA SSIFIER 
[30] employed a novel approach called “amino acid subalphabets” to extract the amino acid composition from 
the protein sequences. Some other tools have also gained success in combining several machine-learning 
algorithms [31-33]. Furthermore, Chou, et. al. recently reported protein SCL prediction based on gene ontology 
and functional domain databases [34], Marcotte reported combining protein homology and phylogenetic profiles 
in their localization prediction [35] and Briesemeister et, al constructed online SCL predictor YLoc which 
makes use o f amino acid properties, GO terms and PROSITE motifs by a natural language approach [36].
Most o f  the recent protein SCL predictors have claimed impressive accuracy in performance by using the Swiss- 
Prot SCL classification system for validation. However, the Swiss-Prot classification is too simple, and since the 
actual variability o f protein SCLs is much larger in bacteria, most o f these tools fail to satisfy in predicting the 
final and detailed protein localization which biologists are interested in.
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Figure 2: Conserved features in bacterial protein sequences which are related to the protein SC L.
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The common structure o f the Tat- and Sec- signal peptide is known to be conserved as 3 regions: the N-, H- and C-regions. 
The N-region contains the N-terminus o f the protein with one or more positively charged residues. The H- region is 
composed o f consecutive hydrophobic residues that form a transmembrane a-helix. Following the H region, the signal 
peptidase cleavage sites reside in the C- region. The A xA A  type SPase cleavage site [37, 38], A xA  Tat-substrate cleavage 
site [39, 40] and the L-x-x-C lipo-box (type II SPase cleavage site) [8, 41, 42] are found in both monoderm and diderm 
bacterial proteins, though the compositions o f the cleavage motifs are slightly different [13]. The LPxTG-type sorting signal 
is specifically found in monoderm bacteria, this motif is known to be a C-terminal sorting signal with a C-terminal 
transmembrane a-helix which is involved in the covalent attachment o f proteins to the peptidoglycan o f the bacterial cell 
wall [43, 44] . The type 4 philin-like signal peptide (found in both mono- and diderm bacteria) [42, 45, 46] and the signal 
peptide o f proteins targeted for minor secretion pathways [47, 48] do not follow the N-H-C structure. Proteins with 
transmembrane a-helices (composed o f consecutive hydrophobic residues) are generally found in both monoderm and 
diderm bacteria [46], whereas the P-barrel proteins (composed o f P-strands with alternating polar and hydrophobic amino 
acids) only reside in the diderm bacterial outer membrane [45].
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Table 2. Sum m ary of features of currently available protein SC L  predictors.
P re d ic to r R ef. D id e rm  S C L M o n o d e rm  S C L A n a ly tic a l m eth o d
M u lti-se q
in p u t?
A v a ila ­
b ility
O u tp u t
Tools that predict various protein compartments
CELLO [49] C, EC, IM , OM,P C, EC, IM , CW SVM Y E S LI, OS TXT,
HTML
SLP-Local [50] C, EC, P None SVM Y E S OS HTM L
PSLpred [29] C, EC, IM , OM, P None SVM No OS HTM L
Gneg-PLoc [51] C, EC, F1, F2, 
IM , OM  P,N
None ^-nearest neighbor Y E S OS HTM L
Gpos-mPLoc [52] None CM, CW ; C; EC ^-nearest neighbor Y E S OS HTM L
P-CLASSIFIER [30] C, CM, P, OM, EC None SVM Y E S OS HTML
Proteome Analyst [53] C, CM, P, OM, EC C, CM, EC Annotation keywords No OS HTML
Psortv. 3.0 [54] C , CM, P ,OM, 
EC  , F1, T T SS  , S
C ,CM ,CW  ,EC, F2, S SVM Y E S LI, OS TX T,
HTML
HensBC [55] C,C/IM ,IM ,IM /P, 
P, /OM, OM, 
OM /EC, EC
None Bayesian classifiers 
based on Markov chains
Y E S LI TX T
SubcellPredict [33] C, EC, P None AdaBoost algorithm Y E S OS HTML
LocateP [56] None C,CM ,CW ,N- 
anchored, Lipo-box, 
Bacteriocin, EC
Prediction pipeline 
combining multiple tools
Y E S LI TXT,
HTML
Tools that predict single segment that is related to protein SCL
TatP [57] Tat-SP None Regular expression and
NN
Y E S OS HTML
TatFind [39] Tat-SP None Pattern search Y E S LI, OS TXT,
HTML
TM HM M [21] TMH TMH HMM Y E S LI, OS TX T,
HTML
PilFind * NA type IV  pilin-like 
SP, prepilin CS
None Pattern search Y E S OS HTML
LipoP [41] Lipo-box None HMM Y E S LI, OS TXT,
HTML
PRED -LIPO [58] None Lipo-box HMM Y E S OS HTML
PrediSi [59] Sec-SP, CS Sec-SP, CS Amino acids position 
weight matrix
Y E S LI, OS TXT,
HTML
BO M P [60] ß-barrel None Pattern recognition and 
amino acid 
representation
Y E S LI, OS TXT,
HTML
Phobius [23] Sec- SP, CS and 
TMH
Sec- SP, CS and TMH HM M  and homology 
information
Y E S LI, OS TXT,
HTML
Bagel [61] None Bacteriocin Prediction pipeline with 
multiple components
None LI,O S TXT,
HTML
Abbreviation: SCL: subcellular localization; C:cytoplasm; CM: integral cytoplasmic membrane; CW: cell wall; EC: 
extracellular space; OM: outer membrane; P: periplasm; N: nucleoid; F1: fimbrium; F2: flagellar; S: Spore; TTSS: Type 
III secretion; N-anchored: N-terminally anchored; SP: signal peptide; CS: cleavage site; TMH: a-transmembrane helix; 
SVM: support vector machine; HMM : hidden markov model; NN: Neural network; LI: Local installable; OS: online server; 
TXT: text; HTML: HTML table. * PilFind: http://signalfind.org/pilfind.html
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First o f  all, though many o f the proteins containing a signal peptide type I (SPI) are indeed recognized and 
transported through the cell membrane [4, 9, 62, 63], this does not necessarily determine the protein’s final 
destination in the extracellular milieu or periplasm. Generally the H-region and the SPI cleavage site (Figure 2) 
were considered to be the key elements o f substrate recognition by SPIases. After cleavage by SPIase, the 
mature protein can be released from the bacterial membrane [38, 40]. However, Carlos et al.(2000) have 
indicated that the membrane-spanning H-region is not critical for substrate cleavage capabilities [64]. Later 
Tjalsma, et al. published experimentally verified sets o f  proteins that contains dysfunctional N-terminal SPI 
cleavage sites [7, 65], showing that instead o f releasing proteins the N-terminal signal peptide can also function 
as a membrane-anchoring mechanism which retains protein to the cell surface / periplasm. Since all signal 
peptide predictors were constructed focusing on the complete signal peptide, H-region or on the cleavage sites 
solely [23, 59, 66-68], they inevitably suffer from erroneous predictions [18, 69, 70].
Furthermore, the proteins that are released from the cell membrane can still be bound to the cell surface via 
various non-covalent mechanisms (binding domains, protein-protein interaction, etc.) or assemble into 
macromolecular structures such as flagella or pili, or be injected into a host cell [4, 10, 37, 63, 71-74].
In conclusion, the final and detailed localization o f a protein should definitely be considered in the new 
generation o f  SCL prediction tools, and could lead to improved genome annotation and experimental target 
selection. Highly accurate, yet detailed prediction by combining different tools in a rational way might be one o f 
the solutions to this problem (see Chapter 2 and Chapter 3).
1.3 Using com parative genomics for prediction o f extracellular and surface-associated proteins
In recent years, the new term “subcellular proteomics” was coined to describe studies focusing on distinct 
protein subcellular localization though experimental or experiment-computer combined approaches [75-79]. 
This type o f research has gained vast attention because the comparative analysis o f the extracellular (only 
present in the extracellular milieu) and surface-ssociated (anchored or intrinsic to the extracellular side o f the 
cytoplasmic membrane) proteins on a genome scale, as a special subset o f  the so-called “secretome” [4], can 
provide essential information on protein functionality ranging from pathogenicity to evolution o f bacteria 
through adaptation to their living environments [80-84]. For example, an overall statistical analysis o f the 
distribution o f  extracellular and surface-associated proteins in diderm and monoderm bacteria might be used to 
explain bacterial evolution [85] and confirms previous hypotheses in the area o f  phylogenetic studies [86]. The 
comparison o f secretomes from a virulent and an avirulent B. anthracis strain have revealed a number o f novel 
virulence determinants that are associated with extracellular proteolytic activities [87, 88]. In different 
Lactobacillus genomes the factors responsible for human epithelial cell adherence were found by secretome 
prediction and comparison [89], and with S. aureus a core and variant secretomes were built by comparative 
"secretomics" approaches, resulting in a road map which can be used to explain many disease-related niches o f 
this bacterium [90].
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Therefore, by combining SCL prediction with comparative genomics, more valuable information can be 
extracted from newly sequenced genomes, e.g. to help understand communication and adaptation o f bacteria in 
different niches during evolution. This should provide a step further from merely predicting “where they are” 
towards “what they do there” .
1.4 Outline o f this thesis
In this thesis, the ultimate goal is to improve genome annotation o f completely sequenced bacterial genomes, in 
particular extracellular and cell surface-associated proteins, using integrative bioinformatics methods. As the 
SCL prediction can be derived from the characteristics o f protein sequences, the first part o f this thesis focuses 
on the area o f genome-scale SCL prediction. Other heterogeneous information, such as deduced from 
comparative genomics by using clustering o f  ortholog groups (COGs) and protein functional domain detection 
were added in this thesis in later stages. Clustered protein distribution in location, occurrence and subfamilies 
with their specific functions was then used to explain bacterial traits, aiming to link bacterial phenotypes to 
genotypes. Online services such as the LAB secretome database (LAB-Secretome DB), protein SCL database 
(LocateP-DB) and web-based prediction tool (LocateP-web) were constructed in order to guarantee a continuous 
service to the public community.
Chapter 2 describes the initial LocateP tool, a protein SCL prediction pipeline which combines many o f the 
existing high-precision SCL identifiers with our own newly developed identifiers for specific SCLs. The 
LocateP pipeline was designed such that it mimics protein targeting and secretion processes. It distinguishes 7 
different SCLs within monoderm (Gram-positive) bacteria and is able to separate the N-terminally anchored 
proteins from those proteins released from the cells with high accuracy. LocateP is by far the most accurate and 
detailed protein SCL predictor for monoderm bacteria currently available. The SCLs o f all proteins encoded by 
completed monoderm bacterial genomes were predicted by LocateP are stored in the database LocateP-DB.
The methodology o f  LocateP pipeline construction was subsequently extended to the prediction o f diderm 
(Gram-negative) bacterial protein SCLs. The new version o f LocateP, LocateP v2.0, is described in Chapter 3, 
together with the planned web-based SCL prediction service: LocateP-web.
In Chapter 4 the prediction o f protein SCL was combined with heterogeneous information from comparative 
genomics o f lactic acid bacteria. The resulting secretome Lactobacillales-specific clusters o f orthologous protein 
groups (LaCOGs) were stored in a browsable database, LAB-Secretome DB. The classification methodology 
was made in a way that it could be applied to other newly sequenced bacterial genomes as well. The resulting 
information could be used to understand the evolution and adaptation o f bacteria to their living environments, to 
improve protein functional annotation and to serve as basis for targeted experimental studies on bacteria.
Part o f  the results from the LAB-Secretome database, the LaCOGs related to Lactobacilli, a subgroup o f LAB 
which play a key role in food fermentation and health products, are further described in Chapter 5. Extensive 
annotation o f these secretomes, combined with comparative analysis o f species- or strain-specific secretomes,
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may identify candidate effector molecules which may support specific effects on host physiology associated 
with particular Lactobacillus strains. Candidate health-promoting effector molecules o f lactobacilli can then be 
validated via mutant approaches, which will allow for improved strain selection procedures, improved product 
quality control criteria and molecular science-based health claims.
Chapter 6 describes a further application o f protein SCL prediction for a special bacterial species, the anaerobic 
ammonium-oxidizing (anammox) bacterium Candidatus "Kuenenia stuttgartiensis” which contains a organellar- 
like component within the cytoplasm. A Random Forest learning algorithm was used to build a predictor that 
detect the organellar sub-proteome with ~90%  accuracy. The predicted organellar sub-proteome was found to be 
physicochemically distinct, providing strong in silico support for the experimental evidence for the existence o f 
a specific organelle in this bacterium, and is an important step forward in unravelling a geochemically relevant 
case o f cytoplasmic differentiation in bacteria.
Finally in Chapter 7, a summarizing discussion o f this thesis is provided. Higher accuracy and precision are 
always what the SCL prediction tools aim for. However, instead o f complicated and comparatively improved 
algorithms designed by informaticians or mathematicians, direct conclusion/hints leading to answers o f 
biological questions are definitely more desired by the wet-lab biologists. Taking a step further than mere 
compartment detection, an integrative bioinformatics approach that combines information from various sources 
can obviously speed up the analysis o f  the ever-increasing flood o f genome sequence data, and therefore bring 
more useful leads for biological experiments and industrial applications.
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LocateP: Genome-scale subcellular-location predictor for bacterial proteins
2.1 A bstract
2.1.1 Background
In the past decades, various protein subcellular-location (SC L) predictors have been developed. Most o f these 
predictors, like TMHMM 2.0, SignalP 3.0, PrediSi and Phobius, aim at the identification o f one or a few SCLs, 
whereas others such as CELLO and Psortb.v.2.0 aim at a broader classification. Although these tools and 
pipelines can achieve a high precision in the accurate prediction o f signal peptides and transmembrane helices, 
they have a much lower accuracy when other sequence characteristics are concerned. For instance, it proved 
notoriously difficult to identify the fate o f  proteins carrying a putative type I signal peptidase (SPIase) cleavage 
site, as many o f  those proteins are retained in the cell membrane as N-terminally anchored membrane proteins. 
Moreover, most o f the SCL classifiers are based on the classification o f the Swiss-Prot database and 
consequently inherited the inconsistency o f that SCL classification. As accurate and detailed SCL prediction on 
a genome scale is highly desired by experimental researchers, we decided to construct a new SCL prediction 
pipeline: LocateP.
2.1.2 Results
LocateP combines many o f the existing high-precision SCL identifiers with our own newly developed 
identifiers for specific SCLs. The LocateP pipeline was designed such that it mimics protein targeting and 
secretion processes. It distinguishes 7 different SCLs within Gram-positive bacteria: intracellular, multi­
transmembrane, N-terminally membrane anchored, C-terminally membrane anchored, lipid-anchored, LPxTG- 
type cell-wall anchored, and secreted/released proteins. Moreover, it distinguishes pathways for Sec- or Tat- 
dependent secretion and alternative secretion o f bacteriocin-like proteins. The pipeline was tested on data sets 
extracted from literature, including experimental proteomics studies. The tests showed that LocateP performs as 
well as, or even slightly better than other SCL predictors for some locations and outperforms current tools 
especially where the N-terminally anchored and the SPIase-cleaved secreted proteins are concerned. Overall, the 
accuracy o f  LocateP was always higher than 90%. LocateP was then used to predict the SCLs o f all proteins 
encoded by completed Gram-positive bacterial genomes. The results are stored in the database LocateP-DB 
(http://www.cmbi.ru.nl/locatep-db) [1].
2.1.3 Conclusions
LocateP is by far the most accurate and detailed protein SCL predictor for Gram-positive bacteria currently 
available.
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2.2 Background
In bacteria, secreted proteins are involved in stress sensing, substrate binding, cell communication, microbe-host 
interaction, adhesion, and other essential processes relevant to the environment and life style o f the organisms. 
The secreted proteins are exported via various mechanisms and are retained by the bacterial cell via various 
interactions or released to the medium (Figure 1A). To identify the “secretome” [65] on a genome scale, 
subcellular proteomic studies have been carried out [75-79]. Although these experimental methods have 
contributed greatly to our knowledge o f the subcellular location (SC L) o f a variety o f proteins, until now their 
scope has remained limited. In contrast, high-throughput computational methods for prediction o f SCL sequence 
characteristics can be easily applied to every species whose genome has been sequenced.
Computational methods have gained considerable precision in the past decades. Initial tools focussed on 
detecting the presence, type and location o f  protein transmembrane segments, including signal peptides for 
targeting and translocation o f proteins. One o f the very first SCL prediction methods was introduced by Kyte 
and Doolittle [15] in 1982 with their amino acid hydropathy index. Since the late 9 0 ’s machine-learning 
methods became more prominent, including neural networks [19, 20, 91], hidden Markov models (HMM) [21­
23], support vector machines [26-28, 65, 66, 92-96], Bayesian networks [97, 98], and combined algorithms [30, 
55, 67, 99-103]. Moreover, present studies tend to combine different resources and methods [29, 104-106]. For 
example, Chou et al. [34] combined gene ontology and functional domain databases, Shatkay et al. [107] 
combined text search and sequence data, and Marcotte et al. [35] combined protein homology and phylogenetic 
profiles in their studies.
Unfortunately, as a result o f the trade-off between specificity and accuracy, computational methods will always 
be prone to error. Moreover, the number o f  false predictions increases even further when the SCL-related 
sequence characteristics have not been properly identified. For instance, among the Sec-dependent exported 
proteins, current predictors have severe difficulties to distinguish the proteins that are cleaved from the cell 
membrane by the type I signal peptidase (SPIase) - in this paper we will refer to these proteins as “secreted”- 
from a relatively large group o f membrane-anchored proteins that also contain a putative SPIase-cleavage site 
but are not cleaved - in this paper we will lump these proteins in the category “N-anchored” [18, 47, 48].
As knowledge on the precise SCL o f a protein is especially important to judge the biological nature and role of 
its activity, we constructed a new SCL prediction pipeline called LocateP. Our pipeline is geared to identify the 
detailed SCL o f bacterial proteins by combining existing and novel prediction tools. Special effort was made to 
increase the accuracy o f the prediction o f  N-anchored proteins. The version o f LocateP presented here focuses 
on SCL prediction o f  proteins from Gram-positive bacteria.
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Figure 1(A): Classification of protein SCLs in Gram-positive bacteria. The secreted proteins can be divided into the 
following subgroups: (i) N-terminal hydrophobic tail anchored (N-anchored), (ii) C- terminal hydrophobic tail anchored (C- 
anchored), (iii) covalent lipid-anchored, (iv) covalently/non-covalently cell-wall anchored, (v) secreted/released (defined as 
proteins that are Sec-/Tat-secreted and cleaved by the signal peptidase I), and (vi) non-classically secreted/released proteins 
via minor pathways [7, 108]. Based on the Swiss Prot classification system the SCLs could be categorized into: Cytoplasmic, 
Membrane (multi-transmembrane, N-/C- anchored), Cell wall (LPxTG- anchored) and Extracellular (lipid-anchored, 
secreted, bacteriocin-like) proteins.
Figure 1 (B): The structure of known signal peptides. The overall structure of Tat- and Sec-dependent signal peptides is 
commonly conserved as distinct consecutive N, H and C regions. The N region is the start of the protein containing 
positively charged residues. The H region follows the N region and is a string of consecutive hydrophobic residues which 
can form an a-helix in the membrane. The C region contains the signal peptidase cleavage signals. Known cleavage/retention 
signals include the AxAA type I SPase cleavage site [7, 109], the L-x-x-C (so-called lipobox) type II SPase cleavage site 
[110] and the AxA Tat-substrate cleavage site [111-113]. The LPxTG-type motif is a C-terminal sorting signal which is 
involved in the covalent attachment of proteins to the peptidoglycan of the cell wall. The signal peptide of proteins targeted 
for minor secretion pathways does not follow the N-H-C structure [7, 11, 65].
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2.3 Results
2.3.1 The construction o f the SCL-prediction pipeline LocateP
A major drawback o f most current sub-cellular location (SC L) predictors is that they are not aimed at the 
prediction o f very specific SCLs but merely at the rather broad locations intracellular, membrane 
bound/associated and extracellular, in line with the Swiss Prot classification system. We therefore constructed a 
SCL predictor pipeline LocateP, that distinguishes 7 SCLs and 3 targeting pathways that can be identified in 
Gram-positive bacteria, with a focus on extracellular SC Ls (see Figure 1A).
The LocateP pipeline was designed such that it mimics the protein secretion process in Gram-positive bacteria. 
The pipeline structure can be categorized as follows: (1) secretion pathway prediction, (2) transmembrane­
segment detection, (3) signal peptide identification, and (4) cleavage and retention signal recognition. The 
LocateP pipeline employs existing SCL prediction tools (Table 1) as well as our own new and more accurate 
methods for the prediction o f lipoproteins, Tat-secreted, N-terminally anchored, C-terminally anchored and 
secreted proteins (see Methods). LocateP uses at least 2 prediction methods for each SCL, in order to increase 
prediction accuracy. The selection criteria imposed on these methods were derived from literature. The LocateP 
pipeline is depicted in Figure 2; its construction is described in more detail in the “Methods” section and in the 
legend o f  Figure 2. A detailed flow chart is presented in Additional file l.
L Predict Secretion Pathways Identify TM S& SP Recognize Cleavage and Retention Signals
GeneBank
genome
T a t- fin d + R R -H M M  +  C S-H M M
Tat-secreted proteins
TMHMM+SignalP
+PrediSI+Phobius
Proteins with TMS 
Intracellular proteins
LPxTGHMM
LPxTG proteins 
TMS topo logy check
Intracellular proteins 
C-TM proteins 
TMS amount check
Multi-membrane
Lipo M otifs + HMM models
lipoproteins
A -S HMM m odels 
A -S scoring m atrix
N-TM proteins 
Secreted proteins
Figure 2: Flowchart of the LocateP pipeline
Firstly, the possibility of being secreted by the Tat pathway was calculated by combining Tat-find v1.2 [114] and our Tat- 
specific HMMs (RR-HMM, CS-HMM). Bacteriocin-like proteins were identified using Bagel [61]. Secondly, Phobius [23], 
PrediSi [59], SignalP 3.0 [66] and TMHMM 2.0 [21] were combined to identify transmembrane regions. Those proteins 
without any predicted TM segments were considered intracellular, whereas those with TM segments were divided into multi- 
TM membrane proteins, N-anchored membrane proteins or secreted/released proteins (single N-terminal TM segment, 
possibly signal peptide), and C-anchored membrane proteins (signal peptide and single C-terminal TM segment). Thirdly, a 
sortase-substrate HMM [44] was used to distinguish LPxTG-type peptidoglycan-anchored proteins from C-anchored 
membrane proteins. Subsequently, signal peptidase type II (SPII) substrates were predicted by combining existing 
lipoprotein motif models [47, 110] and new lipoprotein HMMs. The remaining proteins were classified into the categories 
secreted/released or N-anchored membrane proteins. See Methods and additional file 1 for more details.
Abbreviation: A-S = Anchored-Secreted ; TMS = TransMembrane Segment ; SP = Signal Peptide ; C/N-TM = C/N- 
terminally transmembrane anchored ; LPxTG = LPxTG cell-wall anchored .
Table 1: R ecent methods for protein SC L  prediction
Speciality Tool Reference
Membrane protein predictor a TMHMM [21]
Both transmembrane helices and signal peptide predictor a Phobius [23]
Signal peptide predictor
a SignalP [66]
a Predisi [59]
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Signal peptidase type I cleavage site motif [47]
' ' ' b LipoP [41]
Lipoprotein predictor ________________________________________________________
a Signal peptidase type II cleavage site motif [47, 110]
' ' b TatP [57]
Tat-secreted protein predictor ________________________________________________________
a Tat-find.v.1.2 [39]
b Psortb.v.2.0 [92]
"~b CELLO [28]
Protein subcellular location classifier ________________________________________________________
b Gpos-PLoc [100]
Augur [99]
a Bagel [61]
Minor pathway secreted protein predictor ________________________________________________________
SecretomeP 2.0 [115]
Mycobacteria protein SCL predictor b TBpred [116]
a, Tools included in the LocateP pipeline
b, Tools used for comparison and validation of LocateP
2.3.2 Making the distinction between N-anchored and secreted proteins containing a SPI-cleavage site
In the past, the sequence corresponding to the signal peptide has been subdivided into three distinct regions: the 
N, H and C regions [32, 100, 117, 118] (Figure 1B). Most o f  the membrane proteins with a single N-terminal 
TM  anchor are easily identified as they do not have a predicted cleavage site for signal peptidases. However, as 
mentioned above, the prediction o f SC L o f proteins containing a putative signal peptidase type I (SPIase) 
cleavage site appears particularly difficult for current SC L predictors. Although many Sec-exported proteins are 
cleaved by the SPIase, a considerable number o f proteins is not cleaved and remains membrane-anchored via the 
N-terminus [47].
To identify the features that determine cleavage, the multiple sequence alignments o f  the signal peptides from 
experimentally validated N-anchored and secreted proteins [47] containing a putative SPI cleavage site in 
Bacillus subtilis were analyzed. To enhance the signal, orthologous sequences from other Bacilli were added in 
the analysis (see Materials and Methods). The Weblogos [119] o f the two collections o f sequences are given in 
Figure 3A. No distinguishing pattern could be detected by eye. Therefore, a series o f HMMs were constructed 
based on the sequence alignments o f  the N-anchored and secreted proteins. Nine pairs o f HMMs were built for 
sequences surrounding the putative SPI cleavage site. Different numbers o f  residues on either side o f the 
putative cleavage site were included in the models in order to investigate the roles o f the H-region and the C- 
region in cleavage-site recognition. When the HMM pairs were applied to the two respective sets o f sequences, 
it appeared that the HMM pair containing an equal number o f residues on either side o f the putative cleavage 
site performed best in predicting correctly whether the cleavage site was genuine or not (Figure 3B). The 
individual HMMs were not mutually exclusive for either o f the two sets o f sequences. However, when the 
scoring o f the two HMMs o f the pair was combined into a scoring matrix, the experimentally determined non­
cleaved and cleaved sequences could be distinguished almost perfectly. The scoring matrix was included in 
LocateP; details o f  the matrix are described in the legend o f Figure 3 and in the “Methods” section.
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N-anchored
Figure 3: Distinguishing between secreted and N-anchored proteins
Tjalsma et al. [47] have identified 33 N-anchored and 36 secreted proteins from Bacillus subtilis (by 2D gel electrophoresis) 
which have a putative SPI-cleavage site motif in the C-region that follows the transmembrane helix H-region (see Fig. 1B).
(A): A sequence composition chart, made using WebLogo [119], based on multiple-sequence alignment of the H- and C- 
regions (see Fig. 1B) of the N-anchored and secreted protein sets. The red arrow indicates the cleavage position of true SPI- 
site motifs (see Figure 1B), and the green dashed arrow represents the corresponding position in N-anchored proteins that is 
not cleaved.
(B): The specificity of HMMs of different lengths containing the putative cleavage site A* = the Alanine after which 
cleavage takes place. Mod1: residues -9 to A*; Mod2: residues -11 to A*; Mod3: residues -14 to A*; Mod4: residues -8 to 
+3 of A*; Mod5: residues -13 to +10 of A*; Mod6: residues -8 to +17 of A*; Mod7: residues -3 to +10 of A*; Mod8: 
residues -3 to +17 of A*; Mod9: residues +1 to +25.
2.3.3 Initial validation o f LocateP
Ideally, the performance o f the LocateP pipeline should be checked with large experimentally validated data sets. 
Unfortunately, the availability o f such large data sets is rather limited. LocateP was tested first with the 
experimental data set o f  Tjalsma et al. [47] which was used to create the HMM pair that distinguishes the N- 
anchored and secreted proteins containing a putative SPI-cleavage site. LocateP was able to distinguish these 
proteins with an accuracy o f >90% . Then the performance o f LocateP was tested on ten other data sets. These 
sets were extracted from literature describing other SCL prediction tools. LocateP performed extremely well on 
these sets, as the prediction accuracy was always higher than 90%  (Table 2).
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A second check was done with data collected from TransportDB [120]. Based on expert knowledge on the 
composition and location o f  various transport systems and their functional components, the SCL prediction o f 
1336 transport-related proteins from Bacillus subtilis 168, Bacillus cereus A TCC14579 and Lactobacillus 
plantarum W CFS1 was verified (Table 3). For a difficult group like the substrate-binding proteins o f A BC 
transport systems, LocateP identified 113 o f 124 proteins in a correct SCL for substrate binding (96 lipoproteins, 
6 secreted and 11 N-anchored proteins) [121-131]. For the other groups o f transport-related proteins, the 
predicted SCL fitted the biological role o f  the transport proteins in ~98%  o f the cases.
Table 3. Validation of LocateP predictions of transporter systems using the annotation in TransportDB
Species Num ber of transport-related proteins with 
identified SCL
LocateP accuracy
Bacillus subtilis 168 426 98.2%
Bacillus cereus ATCC14579 571 97.5%
Lactobacillus plantarum WCFS1 373 98.8%
A third less quantitative check included a comparison o f the LocateP predictions for all N-anchored and secreted 
proteins o f  the Bacillus subtilis genome with their N CBI functional annotations (Additional file 2, 3 and 4). 
Nearly all o f  the predictions appeared to make biological sense according to literature: most o f the predicted N- 
anchored proteins were annotated to be involved in processes that are related to the cell-envelope, such as cell 
division, transport, cell-envelope biogenesis, mobility, competence, signal transduction, protein turnover, etc; 
most predicted secreted proteins were indeed known to be secreted enzymes such as extracellular carbohydrases 
[132], alkaline phosphatases [133, 134], metalloproteases [135], neutral proteases, and subtilisin-family 
proteases [136].
2.3 .4  Further validation and comparison o f LocateP with other tools and pipelines
Recently, Gardy et al. [117] have compared most o f  the current SCL classifiers, and some tools showed 
excellent performance. We compared the performance o f LocateP to a selection o f these tools, including the 
individual SCL predictors and other general integrative SCL classifiers that were considered best (Table 2).
2.3.4.1 On N-anchored secreted, lipid-anchored and multi-transmembrane protein prediction
LocateP and several individual SCL prediction tools were applied to the same collection o f reference data sets. 
LocateP showed similar or higher recall to PrediSi, Phobius and SignalP 3.0 at signal peptide detection, 
respectively (Table 2, test sets 1, 2, 3, 4). LocateP performed clearly better than all other tools at predicting 
lipoproteins and multi-transmembrane proteins (Table 2, test sets 6, 7, 8). For the group o f N-anchored proteins, 
LocateP clearly outperformed all other tools with a much higher prediction specificity and accuracy (Table 2, 
test set 5).
As has been noted by others [21, 23, 48], the N-anchored membrane proteins form an ambiguous group with 
respect to the location o f their biological activity, i.e. outside or inside the cell. Various N-anchored proteins are
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actually active at the cytoplasmic side o f the bacterial cell membrane [137-147]. Due to the lack o f reliable 
distinguishing algorithms and experimental data, no reliable prediction methods for these “outside-in” proteins 
are available yet [18, 21, 101, 148-150]. As a result, in the current version o f  LocateP, proteins are only 
annotated as “N-terminally anchored”; most are presumed to function outside the cell, while some might have 
intracellular activity. A few o f the known intracellular cases are indicated in Additional file 2.
Table 2. Comparison of the performance of LocateP with other SCL prediction tools. The entry in each cell indicates 
the recall of the method with respect to the data in the test-set (TS). * indicates that the test data were extracted from 
experimental studies. N/A indicates that a certain tool was not applied to the test sets because that set could not be treated 
appropriately by the tool. The size of the test sets (TS) is indicated in brackets and the relevant literature is mentioned in the 
Table legend.
Comparison of LocateP and other SCL prediction tools
Methods
TS 1 
(171)
TS 2 
(1077)
TS 3 
(236)
TS 4 
(36)
TS 5 
(78)
TS 6 
(43)
TS 7 
(47)
TS 8 
(103)
LocateP 98.8% 99.4% 97.5% 97.2% 91.0% 95.7% 97.9 % 98.1%
LipoP N/A 96. 8% N/A N/A 89.4% 95.7% N/A
SignalP 3.0 - 
NN
99 .3% 98.3% 97.2% 25.6% N/A N/A N/A
SignalP 3.0- 
HMM
99.4% 96.6% 97.2% 20.5% N/A N/A N/A
Phobius 98 .8% 96.6% 97.2% 42.3% N/A N/A 96.1%
Predisi 99.4% 93.2% 94.4% 37.2% N/A N/A N/A
TMHMM N/A 99.3% N/A N/A N/A N/A N/A 97.1%
Psortb v.2.0 N/A N/A 49.2% 36.1%
10.3% (M) 
1.3% (E)
18.6%
4.7%
(M)
(E)
10.6% (M) 
4.3% (E)
N/A
Cello N/A N/A 82.6% 80.6%
75.6% (M) 
8.0% (E)
61.7%
16.3%
(M)
(E)
68.1% (M) 
27.7% (E)
N/A
Comparison of LocateP, Tat-find v1.2 and TatP in the prediction of Tat-secreted proteins
Methods TS 3+ TS 4 (272) TS 9a (713) TS 9b (632)
TatP 92.8% 99.6% 96.5%
Tat-find v1.2 94.9% 98.6% 93%
LocateP 93.6% 99.9% 98.4%
Comparison of LocateP, Cello and Psortb v2.0 based on data  sets extracted from Swiss-Prot
Methods
TS10a
(196)
TS10b
(129)
TS10c
(108)
TS10d
(14)
TS11a
(340)
TS11b
(60)
TS11c
(402)
TS11d
(50)
LocateP 98% 97% 80.6%e 84%* 97.4% 96.7% 86.1% 86% g
Psortb v.2.0 93.9% 91.7% 79.6% 50% 89.1% 6.7% 
56.7% (E)
81.1% 80%
CELLO1 97% 99.2% 97.2% 57.1% 94.1% 43.3%
(M)
87.6% 94%
TBPredh N/A N/A N/A N/A 94.71% 68.33% 87.81% 50%
The test sets are: TS1 [98], TS2 [59]NGP =Cytoplasmic; TS3 [59]PGP, TS4 [47]* = Secreted; TS5 [47]*a= N-anchored; TS6 
[110]*, TS7 [41]c[47]b*= Lipid-anchored; TS8 [98] = Membrane; TS9a [57]Test RR =Cytoplasmic; TS9b [57]Test RR =
28
LocateP: Genome-scale subcellular-location predictor for bacterial proteins
Membrane; TS 10a [100]Test- Training = Cytoplasmic; TS 10b [100]Test- Traini”8 =Membrane; TS 10c [100]Test, Training 
=Extracellular; TS 10d [100]Test- Trainin8 = Cell wall; TS11a[116]Training =Cytoplasmic; TS11b[116]Trainin8 =Lipid-anchored; 
T S IIc^ ^ ] 11™*118 =Membrane; TS 11d[116]Training =Secreted.
Abbreviations: TS: test set ; M: Membrane; E: Extracellular; Test: test set of this article; Training: training set of this article;
NGP: negative training set containing only Gram-positive bacterial proteins; PGP: positive training set containing only
Gram-positive bacterial proteins; RR: the proteins contain twin-arginine residues in the initial 35 residues.
a: 30 proteins of this set contained putative SPI-cleavage site and were included in LocateP training process
b : After removing redundancy, 47 proteins were left in this set
c: The set contains both Gram-positive and Gram-negative bacterial proteins
d: Only the predictions with highest score were taken
e: 17 proteins in this test set were either proven to be secreted or they were found to be secreted via minor secretion 
pathways. LocateP focuses on the prediction of major secretion systems, therefore these proteins were predicted as 
“intracellular”, which meant that no classical signal peptides were found in these proteins.
f: Most of the proteins in this set are associated on the cell wall via non-covalent interactions such as protein-protein 
interaction.
g: 23 out of 50 proteins in this set were predicted as “N-anchored” proteins by LocateP, indicating that these proteins could 
be secreted via Sec- pathway but remained attached to the cytoplasmic membrane of the cell.
h: among the support-vector machines involved in TBPred only the best performance with the appropriate protein class was 
taken.
2.3.4.2 On Tat-secreted protein prediction.
Recent research pointed out that the Tat-export pathway plays an important role as a parallel protein secretion 
pathway to the Sec-pathway in some Gram-positive organisms [151-157]. Unfortunately, Sec-signal peptide 
detectors have a high false-negative prediction rate on Tat-substrates [57]. Therefore, we considered it necessary 
to include a Tat-secreted protein prediction tool in the LocateP pipeline, and we combined two newly created 
Tat-secreted protein-specific HMMs (see Methods) with Tat-find v.1.2 for the SCL prediction o f these proteins. 
Tat- signal peptides are known to have an almost invariable double Arg or Lys+Arg m otif (RR-motif) [111, 112, 
158, 159] upstream o f the transmembrane segment. It appeared important that the Tat-secreted protein 
predictors can discriminate the Tat-signal peptides from sequences (especially transmembrane helices) that 
contain consecutive positively charged residues.
We compared the performance o f LocateP, TatP and Tat-find v1.2 on the proteins containing a RR/RK pattern 
in their N-terminus (test sets 3, 4 and 9). LocateP clearly performed better than the other two specific tools when 
tested with intracellular and membrane proteins sets, and thus showed an excellent capability o f Tat-signal 
peptide detection (Table 2). Moreover, it appeared that TatP and Tat-find v1.2 predicted several proteins to be 
secreted via the Tat-pathway in 22 species that apparently lack the relevant pathway genes [114], whereas 
LocateP did not find any Tat-pathway substrates in those species. Thus, LocateP showed the best overall 
performance among the Tat-pathway prediction tools for gram positive bacteria.
2.3.4.3 Comparing LocateP and other integrative SCL classifiers.
According to the comparative study o f Gardy et al. [117], CELLO [28] is one o f the best SCL classification 
pipelines. We therefore evaluated the performance o f LocateP as an integrative SCL classifier by comparing it 
to CELLO and the widely used pipeline Psortb.v.2.0 [98]. Other pipelines like SubLoc [160], LOCtree [161], 
Proteome Analyst [53], P -C LA SSIFIER [30] and PSLpred [29] were not selected because they either do not 
provide prediction o f membrane proteins, or are tailored for Gram-negative bacteria, or in the best case showed
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similar performance to Psortb.v.2.0 or CELLO. Recently, a SCL prediction tool called Gpos-Ploc [100] was 
published that classifies Gram-positive proteins. LocateP was not compared to Gpos-Ploc because its web server 
accepts only one sequence per search. Moreover, the overall accuracy o f the tool is reported to be only ~85%  
[100].
LocateP had an accuracy lower than CELLO (Table 2) when tested with data extracted from the Swiss-Prot 
database (test set 10 [100]). However, when compared using experimental data (test sets 3, 4, 5, 6, 7), CELLO 
and Psortb v2.0 showed dramatically poor prediction rates (Table 2). This poor performance relates to the fact 
that the training data o f  CELLO and Psortb v.2.0 were from the Swiss-Prot database (i.e., part o f test set 10 and 
11). This database does not distinguish between N-anchored, secreted and lipoproteins, and at the same time the 
members o f these groups are distributed over two general classes: “membrane” and “extracellular”. Thus, in 
essence the poor performance o f  CELLO and Psortv.b.2.0 is a consequence o f the less-specific classification in 
Swiss-Prot (Table 2). Vice versa, the lower accuracy o f LocateP on the Swiss-Prot data is related to the 
inconsistency in the classification.
TBPred [116] is a SCL classifier that was especially designed for mycobacteria, based on the idea that 
organism-specific methods might have higher accuracy [162, 163]. We compared LocateP with TBPred using 
the training data o f  TBPred (test set 11). Surprisingly, LocateP showed considerably higher accuracy than 
TBPred, especially on lipoprotein and secreted protein prediction, even though no mycobacterial proteins were 
involved in the lipoprotein prediction training process o f LocateP.
Finally, the performance o f LocateP was compared to Augur [99], a computational pipeline that also combines 
many existing tools. Augur detects signal peptides and transmembrane helices using only SignalP and TMHMM, 
and consequently the accuracy o f N-anchored protein prediction o f  Augur is much lower than with LocateP. 
Augur also falsely predicted 8 lipoproteins out o f a test-set o f 114 non-lipoproteins (test sets 4 and 5), which 
implied a higher false-positive rate than LocateP on lipoprotein prediction.
2.3.5 Comparative analysis o f protein subcellular location in Gram-positive bacteria
LocateP was applied to the encoded proteins o f  all complete Gram-positive bacterial genomes available in the 
N CBI database. The average distribution o f  proteins grouped by predicted SCL was calculated for each genome. 
Despite the different genome sizes, Gram-positive bacteria tend to have a similar distribution o f proteins over 
certain SCLs independent o f class or family, and this independency also holds for individual Gram-positive 
bacterial genomes (Table 4). We note that the fractions o f intracellular and membrane proteins predicted by 
LocateP in Gram-positive genomes were consistent with what was previously estimated by other tools [21, 66, 
97, 98]. The complete genome predictions can be viewed in our database LocateP-DB [164].
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Table 4. LocateP-predicted average distribution (%/(STDEV)) of proteins over different SCLs for Gram-positive 
bacteria
Class/order level
Species Actinobacteria Bacillales Clostridia Lactobacillales Mollicutes
Average genome size 4098 3573 2969 2048 724
Grouped according to LocateP classification
N-anchored (Membrane) 5.0/(1.1) 5.7/(0.6) 6.8/(1.0) 5.8/(0.7) 8.7/(3.1)
C-anchored (Membrane) 0.3/(0.2) 0.1/(0.1) 0.2/(0.1) 0.2/(0.1) 0.3/(0.3)
Multi-transmembrane (Membrane) 16.5/(2.6) 20.3/(1.4) 16.9/(2.8) 17.9/(2.1) 17.1/(2.3)
Intracellular (Cytoplasmic) 74.3/(2.8) 69.8/(2.2) 73.2/(3.6) 72.9/(2.0) 71.4/(3.8)
Lipid anchored (Extracellular) 2.2/(0.5) 2.3/(0.4) 1.6/(0.6) 1 .6/(0.5) 1 .9/(1.6)
Secreted (Extracellular) 3.0/(0.9) 2.1/(0.5) 2.1/(0.5) 1 .8/(0.6) 2.3/(1.3)
Secreted via minor pathways (Extracellular) 0.1/(0.1) 0.1/(0.1) 0.1/(0.1) 0.28/(0.2) 0.04/(0.1)
LPxTG Cell-wall anchored (Cell wall) 0.1/(0.2) 0.4/(0.4) 0.1/(0.2) 0.6/(0.4) 0.03/(0.1)
Grouped according to Swiss-Prot classification
Membrane 2 1 .4/(2.7) 26.2/(1.7) 23.8/(3.4) 23.8/(1.9) 26.1/(3.9)
Cytoplasmic 74.3/(2.8) 69.8/(2.2) 73.2/(3.6) 72.9/(2.0) 71.4/(3.7)
Extracellular 5.4/(1.1) 4.5/(0.7) 3.8/(0.8) 3.7 /(0.8) 4.2/(1.9)
Cell wall 0.1/(0.2) 0.4/(0.4) 0.1/(0.2) 0.6 /(0.4) 0.03/(0.1)
Species level
Organism Spn Lla Sau Lmo Lpl Cac Bsu STDEV
Total proteins 2105 2321 2656 2846 3009 3672 4105
Grouped according to LocateP classification (%)
N-anchored (Membrane) 4.5 5.9 6.0 4.9 5.2 6.9 6.2 0.8
C-anchored (Membrane) 0.1 0.1 0.1 0.4 0.2 0.2 0.1 0.1
Multi-transmembrane (Membrane) 17.9 18.4 19.5 19.1 20.5 18.1 20.7 1.1
Intracellular (Cytoplasmic) 74.7 72.8 70.5 71.1 70.2 71.3 69.1 1.9
Lipid anchored (Extracellular) 1.7 1.4 2.2 2.0 1.6 1.7 2.0 0.3
Secreted (Extracellular) 1.2 1.9 2.1 1.7 1.9 2.3 2.6 0.4
Secreted via minor pathways 0.5 0.0 0.1 0.2 0.3 0.1 0.2 0.2
(Extracellular)
LPxTG cell-wall anchored (Cell wall) 0.5 0.5 0.5 1.5 1.1 0.1 0.1 0.5
Grouped according to Swiss-Prot classification (%)
Membrane 22.4 24.4 25.5 24.4 25.9 25.2 27.0 1.4
Cytoplasmic 74.7 72.8 70.5 71.1 70.2 71.3 69.1 1.9
Extracellular 3.4 3.3 4.4 4.0 3.8 4.1 4.8 0.5
Cell wall 0.5 0.5 0.5 1.5 1.1 0.1 0.1 0.5
Abbreviations: Spn: S.pneumoniae; Lla : L.lactis; Sau: S.aureus; Lmo: L.monocytogenes; Lpl: L.plantarum; Cac : 
C.acetobutylicum; Bsu: Bacillus subtilis
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2 .4  Discussion
Although the early SCL-prediction tools performed rather poorly, current tools perform rather well on specific 
categories o f signal-peptide containing proteins and membrane proteins [117], reaching an accuracy o f 96%. 
Nevertheless, for other groups like secreted, N-anchored and lipoproteins these tools still perform rather poorly. 
As the latter groups represent a considerable part o f  the secretome, we decided to design a new SCL- 
identification pipeline called LocateP.
The performance o f LocateP was checked against the best current tools and it outperformed all o f them, 
particularly when difficult groups o f proteins and SCLs were concerned. The outstanding performance was 
achieved though the generation o f  specific HMMs based on protein sequences whose cellular fate had been 
experimentally tested. For instance, it has long been a problem to identify secreted and N-anchored proteins 
from the group o f proteins carrying a putative SPI-cleavage site motif. Formerly, the H-region together with the 
cleavage site were considered to be the key elements o f SPIase-substrate recognition. Therefore, previous 
signal-peptide predictors were constructed focusing on the H-region and/or on the cleavage site [23, 59, 66-68, 
70]. However, Carlos et al. [64] found that the H-region o f the SPIase substrate was not critical for peptidase- 
cleavage capability but that, in contrast, mutations in the C-region o f originally non-cleaved proteins caused 
alternative cleavage. They therefore claimed that specific substrate-enzyme interactions around the C-region 
should be decisive for SPIase-cleavage site recognition. Indeed, our analysis o f  the signal sequences o f a group 
o f secreted and N-anchored proteins indicated that the C-region is important, but that at the same time also the 
H-region carries properties that determine the protein’s fate (i.e. to be or not to be cleaved). The fact that the 
performance o f the dedicated HMMs became worse when the sequence was extended beyond 30 residues 
implies that the decisive information is present in this stretch o f  sequence. LocateP improved the separation of 
N-anchored and secreted proteins from ~40%  (by Phobius [47]) to >  90%  without disturbing the SCL 
prediction o f the other types o f proteins.
LocateP was designed as a pipeline, and hence could have performed less well on specific categories than 
specialized tools. In particular, the performance would have been considerably lower i f  the flow scheme had 
been chosen wrongly. However, a comparison o f the performance on lipoproteins, membrane proteins, Sec- 
secreted and Tat-secreted proteins with the specialized tools LipoP 1.0, TMHMM 2.0, Phobius, SignalP 3.0, 
Predisi, Tat-find v.1.2 and TatP shows that LocateP does not suffer from being a pipeline tool. Apparently, our 
choice to mimic the order in the bacterial secretion process was a correct one. In fact, it has been shown by 
others that the SCL prediction can be improved considerably by simulating the protein sorting processes [161, 
165]. Overall, LocateP performed very well, with an accuracy higher than 95%  for nearly all categories, and 
only slightly lower in one case (91%  for N-anchored proteins), but still considerably better than all other tools. 
LocateP could be used to distinguish 7 SCLs and 3 sorting pathways and avoided the inconsistent SCL 
classification which most SCL classifiers inevitably inherited from Swiss-Prot.
Because o f the high prediction accuracy o f LocateP on proteins o f  known biological function (see e.g. 
Additional file2), we expect that the SCL prediction o f proteins o f unknown function should also be equally
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reliable. In principle, the genome-scale SCL predictions made by LocateP provide an excellent starting point for 
functional annotation and experimental analysis o f encoded proteins o f unknown function, as they provide 
numerous clues about where to look for a certain biological activity.
Although LocateP already performs quite well, there is inevitably room for improvement. For instance, in the 
Swiss-Prot database, many o f the annotated cell-wall proteins are secreted proteins bound to the cell surface via 
non-covalent interactions. Known elements o f non-covalent binding include choline-binding domains, LysM 
domains, type 2 cell-wall binding domains, GW-modules, Lysin-binding motifs, ChW-binding motifs, W xL 
domains, LPP-region binding, S-layer proteins, and others [166-180]. The current version o f LocateP was 
designed to predict only the covalent cell-wall (peptidoglycan) binding mechanism o f proteins by dedicated 
sortases. For instance, among the 14 cell-wall proteins in test set 10d [100], 13 are non-covalently cell-wall 
bound secreted proteins. LocateP correctly predicted 10 o f these as “secreted proteins”, but does not allow for 
the fact that these proteins could be cell-wall bound via non-covalent mechanisms after secretion (Table 2). 
Future versions o f LocateP will include non-covalent binding to the cell wall.
Not all mechanisms o f protein secretion or modification are known to date and not all have been included in the 
LocateP pipeline yet [14, 108, 181-184]. This is the case for proteins that have been shown to occur at various 
locations or those that are secreted via minor pathways. Examples are proteins that are either cleaved multi­
domain proteins [10], auto-transporters found in both cytoplasmic and extracellular locations [11], or proteins 
with various SCL depending on growth phase and/or specific environment [10, 185]. The multi-compartment 
proteins and minor-pathway secreted proteins appear to be rare in most bacteria, and their sorting mechanisms 
are not completely understood yet. Therefore, the current version o f LocateP predicts only one SCL for such 
proteins, which may be only partially correct. In contrast, Psortb v2.0 and CELLO  were claimed to be capable 
o f multi-location prediction [49, 185]. Both tools employ machine-learning methods and the predicted multiple 
locations should represent a certain statistical significance even without large-scale experimental evidence. 
However, both tools inevitably generate a considerable number o f false positives. Similarly, SecretomeP 2.0 
[115], which was made to predict non-classically secreted proteins, was not included in LocateP because o f its 
high false-prediction rate. The recent predictors Euk-mPloc [186] and Hum-mPloc [163] incorporated up-to-date 
Eukaryotic proteins that were found to have multiple compartments and the tools achieved rather satisfying 
accuracies. Similar tools will be included or constructed for LocateP when more experimental data on multiple 
locations o f bacterial proteins are available.
Another group o f proteins that is not treated separately by LocateP is the group that is exported by unknown 
mechanisms and is known as the Gram-positive periplasmic proteins [2, 187-189]. Carlsson et al. [190] recently 
reported that in Gram-positive bacteria the secreted proteins could be directed to different extracellular regions 
including a periplasmic space. In fact, the prediction o f a subcellular location “periplasmic” in Gram-positive 
was not included in any published SCL prediction tools for Gram-positive bacteria, except in Gpos-PLoc [100]. 
However, the Gpos-PLoc prediction algorithm was based on only 5 proteins which were extracted from the 
Swiss-Prot database. Indeed, among these 5 proteins, four were expressed in the E.coli periplasmic space, but no 
evidence exists that they are also expressed in the periplasm o f a Gram-positive organism [191-194]. Moreover,
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one protein (P29166) was proven to be located inside the cell [195]. LocateP predicted correctly that 4 o f the 5 
proteins should be secreted and are located outside o f the plasma membrane, while P29166 was predicted to be 
cytoplasmic, in line with the experimental evidence.
LocateP was first tailored for the SCL prediction o f Gram-positive bacterial proteins; therefore prediction o f the 
Gram-negative specific proteins, such as P-barrel membrane proteins, was not yet included in the pipeline. 
LocateP was compared to SigTree [196], a signal-peptide detector based on sets o f experimentally verified 
E.coli proteins, using the same data set from E.coli (data not shown). LocateP showed slightly lower accuracy 
than SigTree did, which suggests that the sequence composition o f signal peptides from Gram-positive and 
Gram-negative bacterial proteins could be different. Future versions o f LocateP will be improved and extended 
to Gram-negative bacterial protein SCL prediction by incorporating Gram-negative specific subcellular-location 
prediction tools.
Finally, we must emphasize that in several cases an automatic SCL prediction o f a protein will inevitably give 
an incorrect prediction using LocateP or any other tool: (i) when the start codon o f a gene encoding a protein 
with a signal peptide has been wrongly identified (either too far upstream or too far downstream), (ii) when a 
frame shift in the open-reading frame leads to different fragments o f  encoded proteins, and (iii) when an 
intracellular protein contains a signal peptide-like hydrophobic helix near the N-terminus; in this case such 
helices generally fold into the interior o f  the globular protein [197-200].
2.5 Conclusions
As detailed and accurate genome-scale SCL prediction o f encoded proteins is highly desired by scientists in 
various biological research areas, numerous existing and newly developed tools were combined into one 
pipeline: LocateP. To date, LocateP is the most detailed protein SCL predictor for Gram-positive bacterial 
proteins among all tools that have been reported, in that it presently distinguishes 7 different SCLs and 3 sorting 
pathways, with focus on extracellular SCLs. Moreover, it is also the most accurate SCL predictor, especially on 
distinguishing N-anchored and secreted proteins. LocateP was applied on all completed Gram-positive bacterial 
genomes from the N CBI sequence database. The results are updated synchronously with Genbank updates and 
are publicly available via the database LocateP-DB [164]. The present version contains SCL predictions for 
436,771 proteins in 148 genomes o f  Gram-positive bacteria. These genome-scale SCL predictions provide an 
excellent starting point for experimentalists to improve the functional annotation o f proteins.
2 .6 Methods
2.6.1 Sources o f sequence information and location data
The genome sequences o f Gram-positive bacteria were extracted from GenBank on May 30th, 2007 
(“ORGANISM” annotation fields : ‘Firmicutes’ or ‘Actinobacteria’), and were continuously updated since then.
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Protein sequences o f Bacillus species were collected both from GenBank on April 1st, 2007 and from the ERGO 
database [201] on November 15th, 2006.
Eight different protein data sets o f known subcellular location were selected from literature describing other 
tools and describing proteome studies (Table 2 legend). In order to check the performance o f the LocateP 
pipeline, the SCL predictions were checked against an expert evaluation o f the functional location o f transport- 
related proteins from several Gram-positive bacterial genomes in TransportDB [120] on May 30th, 2007, and an 
expert evaluation against the protein function annotation as retrieved from GenBank on August, 10th, 2007.
2.6.2 Sequence analysis and evaluation o f  performance
Multiple sequence alignments were built with MUSCLE [202]. HMMs were built with HMMER [203]. 
Wherever appropriate, HMMs o f varying length and different regions o f the aligned N-terminal sequences of 
proteins were made, and the HMM that performed best was selected. Performance was evaluated using the 
statistical measure recall (or sensitivity) which is the number o f true positives divided by the sum o f  the true 
positives and the false negatives.
2.6.3 Bioinformatics tools included in the LocateP pipeline
Many studies have compared and evaluated currently available transmembrane segment and signal peptide 
predictors [47, 59, 68, 70, 117, 148, 204]. Based on those studies and our own preliminary trials the following 
tools were selected to be included in our SCL prediction pipeline LocateP: TMHMM 2.0 [21], Phobius [23], 
SignalP 3.0 [66], PrediSi [59], and Bagel [61] (Table 1). O f these, TMHMM 2.0 and SignalP 3.0 are the most 
popular ones in the field; Phobius was selected for its high specificity on transmembrane segment 
identification; PrediSi was selected because it was trained with comparatively recent experimental data, and 
because it slightly outperformed SignalP 3.0 when applied to Gram-positive bacterial proteins [59]. We also 
included the predictor Bagel for non-classically secreted bacteriocin-like proteins [61]. The membrane protein 
predictor MemType-2L [205] includes topology prediction o f  N-anchored proteins but showed rather low 
accuracy with our experimental datasets; therefore this tool was not included in LocateP. Some other tools were 
not incorporated either because o f a high false-prediction rate(e.g. HMMTOP [22] and SecretomeP 2.0 [115]), a 
low specificity for Gram-positive bacteria (e.g. LipoP 1.0 [41]), or simply the lack o f stand-alone installable 
software packages (e.g. TatP [57], Signal-3L[206], Signal-CF[207] and Tat-pred [208]).
2.6.4 Signal peptide detection
LocateP detects signal peptides by scanning the protein N-terminus, which was defined as the initial 60 amino 
acids o f the protein, using SignalP 3.0, Phobius and PrediSi. Some proteins have a signal peptide shortly after 
these 60 amino acids. These proteins were predicted as “intracellular”, but we added the extra remark o f “TMH 
start A FTER 60” to the annotation indicating that these proteins could be secreted. No attempt was made to 
choose alternative start codons o f incorrectly predicted start sites o f ORFs.
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2.6.5 Specific HMMs to determine the SCL o f proteins with a putative SPI-cleavage site
Recently, Tjalsma et al. have experimentally determined the SCL o f  a large number o f Bacillus subtilis proteins 
[47]. The experimental set contained 66 proteins with a putative SPI-cleavage site. O f these 36 appeared to be 
cleaved and thus secreted, whereas 30 were shown to remain N-anchored. We named these sets “EXP-secreted” 
and “EXP-anchored”, respectively, and used them to construct set-specific HMMs. To enhance the inherent 
signal, both sets were expanded by adding orthologous sequences from other Bacilli. First, homologs were 
searched with BLA STP [209] in the ERGO genome database [201] using full-length sequences. Only the three 
best BLA ST hits were considered orthologs, when they also showed conserved gene context and functional 
annotation, high similarity and similar protein length. In this way, after removing orthologs containing identical 
N-terminal sequences, 27 secreted and 23 N-anchored orthologs could be added to the “E X P-” sets.
Pairs o f HMMs were built to separate the group o f proteins with a putative SPI cleavage-site into those that are 
cleaved (i.e. secreted/released) and those that are not (i.e. N-anchored). The sequences were aligned around the 
putative cleavage site and the length o f the HMMs was varied (length >8). All HMM pairs were applied to both 
“EXP- “sets; the E-value was set at 10,000 to assure each protein gained an HMM score. For each pair the 
separation between truly cleaved and truly N-anchored proteins was analyzed and it appeared that the HMM 
pair containing equivalent amounts o f H and C region residues achieved the highest specificity in distinguishing 
the two sets (see Figure 3B). The most specific HMM pair had a length o f  25 amino acids and ran from residue - 
14 to +  10 relative to the cleavage site Alanine (see Figure 3A).
The individual HMMs o f the selected pair (HMMnon-cleaved, HMMcleaved) each displayed a relatively high 
specificity, but this was increased significantly by combining the two HMMs. A generic scoring scheme was 
derived via the following procedure: i) The HMM scores were rounded to discrete integers and the score 
distribution for the EXP-anchored and EXP-secreted protein sets was used to determine a first cut-off. The 
discrete HMM scores related to the HMMnon-cieaved ranged from -19 to +20 with all non-cleaved (i.e. N- 
anchored) proteins scoring higher then 3, those related to the HMMcleaved ranged from -29 to +20 with all 
cleaved (i.e. secreted) proteins scoring higher then 0. In fact, for both HMMs only in a small scoring range the 
two protein groups overlapped. Therefore, all sequences with a score <2  using the HMMnon-cleaved were attributed 
the SCL: SEC-secreted, and those with a score <-1 using the HMMcleaved were attributed the SCL: N-anchored. 
ii) For those sequences that scored >2  with the HMMnon-cleaved and >-1 with the HMMcleaved, the score with both 
models was compared. In case HMMcleaved >  HMMnon-leaved score, the sequence was considered SEC-secreted, 
whereas, in case HMMnon-cleaved >  HMMcleaved score, the sequence was considered N-anchored.
2.6.6 The creation and selection o f a specific HMM for lipoprotein prediction
The experimental data o f Tjalsma et al. [47] indicated that at least 42 distinct proteins o f Bacillus subtilis are 
lipoproteins. This set o f proteins was taken and expanded with orthologs from 18 closely related Bacillus 
species using an Inparanoid [210] search for best bi-directional hits. After removing the sequences which 
contain identical initial 50 residues, 219 putative orthologous lipoproteins could be added. As all lipoproteins 
are anchored to the cell membrane by thioether linkage o f the conserved lipobox cysteine to a diglyceride [41, 
47, 110, 128, 211], the sequences were aligned around the lipobox. Eight HMMs were built based on different
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N-terminal regions from these proteins varying in length between 5 and 30 residues. Each HMM was applied to 
the original dataset o f  Tjalsma et al. and the performance was evaluated. The HMM with a length o f 21 residues 
(-20 residues to the lipobox Cysteine) showed the highest specificity when the T-score was set to 3. Gaps were 
allowed in this model except in the region o f  the lipobox (residue -5 to the lipobox Cysteine).
2.6 .7  The creation and selection o f a specific HMM for Tat-secreted protein prediction
The 105 putative Tat-secreted proteins (according to Swiss-Prot) from the TatP-positive training set [57] were 
taken as the initial set for generating Tat-specific HMMs. The sequences were aligned either around the double 
Arg or Lys+Arg m otif (RR-motif) [111, 112, 158, 159] upstream o f the transmembrane helix or the putative 
AxA triplet cleavage site [57] predicted by TatP downstream o f the transmembrane helix. Eleven HMMs with 
different lengths were generated. A combination o f two HMMs was found to be most specific with the training 
data, together with the restriction o f an E-value smaller than 10: one HMM contained 2 residues in front and 16 
after the twin-arginine motif, and the other HMM contained 17 amino acids in front and 1 residue after the 
triplet cleavage site. Interestingly, these two HMMs partly overlapped each other by the transmembrane (H) 
region. According to Taylor et al. [208], the -3 to +7  residues surrounding the twin-arginine should be the most 
characteristic for Tat-secreted protein identification. This conclusion was reaffirmed by our HMM model. The 
current tools Tat-find v1.2 and TatP both focus solely on the twin-arginine m otif and consecutive 
transmembrane helix detection. In the prediction o f the Tat-secretion signal our HMMs were combined with the 
Tat-find v1.2 program (in a scoring matrix) and therefore more weight was given to the prediction o f the twin- 
arginine motif and its following hydrophobic region as Tat identifiers. This combined method was tested with 
22 independent experimentally verified Tat-secreted proteins (20 o f them are from E.coli [212-215], while PhoD 
and YwbN were from Bacillus subtilis [7, 216]). The SCL o f 20 o f these proteins was correctly identified by 
LocateP, including PhoD and YwbN (these 2 proteins were not in the HMM training set). Using this procedure 
the false prediction rate was significantly decreased compared to Tat-find v1.2 and TatP (Table 2). It was 
suggested that the Tat-pathway in Gram-positive bacteria is structurally different from Gram-negative bacteria 
[7, 57, 108, 111, 152, 216]. Although the Tat-secreted prediction o f LocateP outperformed current tools, this 
part o f the tool was trained with Gram-negative bacterial proteins due to the lack o f experimental data from 
Gram-positive bacteria (see above). In order to avoid potential errors, LocateP also scans all proteins assuming 
them to be Sec-secreted, except for the bacteriocin-like secreted proteins. I f  the Tat-secreted possibility score o f 
a protein was significant, the final subcellular location o f this protein was marked “Possibly Tat-” as an extra 
reference.
2.6.8 Specific criteria for LPxTG-anchored and C-anchored protein prediction
The following topological criteria were used to identify LPxTG-type cell-wall anchored and C-anchored 
membrane proteins. For the selection o f LPxTG-anchored proteins, the criteria were [44]: (i) the protein has 
only one N-terminal signal peptide/TM segment and only one C-terminal TM segment, (ii) the C-terminus o f 
the protein contains an LPxTG-type motif; (iii) the LPxTG-type m otif is followed by the C-terminal 
transmembrane helix and a positively charged C-terminal tail. These criteria were validated with 85 
experimentally verified LPxTG-anchored proteins [43, 217-221] and 83 o f them were correctly identified.
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The criteria used for predicting C-anchored proteins were: (i) the protein has only 2 predicted TM  helices, one 
situated at the N-terminus and one at the C-terminus, (ii) the protein has a cleaved N-terminal signal peptide, 
(iii) the protein has a C-terminal transmembrane helix and a positively charged C-terminal tail but no LPxTG 
motif, (iv) the distance between the N-terminal and C-terminal helices is larger than 45 residues.
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Additional files
(U R L  for download: http://www.cm bi.ru.nl/~mzhou/thesis_additional_files_M M Z/chapter_2/)
File 1 (Adobe Acrobat; file name “additional_file_1.pdf’)
Flow chart and decision tree o f the LocateP pipeline.
Legend: The different SCL tools used at each decision step are indicated. The different SCLs distinguished are 
boxed in the middle; “Bacteriocin” signifies bacteriocin-like proteins secreted by non-classical pathways, 
identified by Bagel. a) all tools agreed, b) all possible hits, c) majority vote, d) 2-3 TM  segments and C-terminus 
detected by LPxTG HMM.
File 2 (Microsoft Word; file name “additional_file_2.doc”)
The LocateP predicted N-anchored and secreted proteins with known function in Bacillus subtilis.
File 3 (Microsoft Excel; file name “additional_file_3.xls”)
The LocateP predicted N-anchored and secreted proteins o f  unknown function in Bacillus subtilis.
File 4 (Microsoft Word; file name “additional_file_4.doc)
Literature references for other experimental evidence (Y es (O)) listed in additional file2.
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LocateP v2.0: a genome-scale protein subcellular location prediction pipeline for
monoderm and diderm bacteria
Chapter 3
LocateP v2.0: a genome-scale protein subcellular location prediction pipeline 
for monoderm and diderm bacteria
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In 2008, the pipeline LocateP v1.0 was constructed to predict the subcellular location (SC L) o f proteins in 
monoderm (Gram-positive) bacteria[56]. This pipeline combined many existing and newly-developed prediction 
tools in a way that mimics protein secretion processes, and thereby achieved a high prediction accuracy. Since 
the secretion systems o f monoderm and diderm bacteria have many common features, it is possible to apply a 
similar method to protein SCL prediction o f diderm bacteria, albeit that additional prediction tools need to be 
added to deal with the additional subcellular compartments and translocation mechanisms o f  diderm bacteria 
Therefore, an extended version o f the LocateP pipeline has been made, which is applicable for both monoderm 
and diderm bacteria. The extended LocateP version 2 .0 has inherited the structure o f version 1.0 which 
simulates the protein secretion pathways, and now includes additional specific tools such as BOM P and LipoP 
for location prediction o f  proteins o f diderm (Gram-negative) bacteria. Eight SCLs were distinguished, i.e. 
cytoplasmic, inner-membrane spanning, periplasmic, N-terminally membrane anchored, outer membrane P- 
barrel spanning, lipid anchored on inner membrane, lipid anchored on outer membrane, and secreted (meaning 
extracellular or injected into the hosts). The overall prediction accuracy o f LocateP v2.0 was always higher than 
85%, based on comparison with experimentally verified subcellular locations o f 506 E. coli proteins. Special 
efforts were made for the classification o f N-terminally membrane-anchored proteins, which are known 
notoriously difficult to predict [23, 222, 223], resulting in a detection accuracy o f 84% for this category. Further 
development o f the LocateP pipeline will include both the improvement o f the prediction accuracy and the 
construction o f a freely accessible web service for protein subcellular location prediction.
LocateP v2.0: a genome-scale protein subcellular location prediction pipeline for
monoderm and diderm bacteria
3.1 Abstract
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3.2 Introduction
Biological processes take place in different cellular compartments, and proteins play an important role in many 
processes as enzymes, transporters, regulators, etc. Therefore, knowledge o f the subcellular locations o f these 
proteins may provide important indications o f their functions. An accurate genome-scale protein subcellular 
location (SC L) prediction can be extremely helpful in genome annotation [24, 92, 97, 98, 117, 224].
Conserved amino acid sequence features can be used to predict the final destination o f the proteins[74, 225]. In 
the past decade, numerous protein SCL prediction tools have been constructed utilizing protein sequence 
information like local amino acid composition, occurrence frequencies o f  amino acid groups, motifs or 
combinations o f different features. Most o f these tools make use o f various machine-learning algorithms, for 
example the integrative predictors which can detect various protein compartments on a genome scale, e.g. 
PSLpred [29] and CELLO [49], and the tools that focus on single protein SCL prediction such as BOMP [60] 
and SignalP [66] (Table 1). These currently available tools have claimed rather high accuracies in predicting 
only one or a few subcellular locations. However, none o f them was able to specify the N-terminally membrane- 
anchored proteins or to distinguish more detailed locations o f proteins, such as the lipid-anchored proteins on 
either inner or outer membrane in diderm bacteria. In 2008, we reported our pipeline LocateP that combined 
well-established prediction tools and our new specific Hidden Markov Models (HMM) which can distinguish N- 
terminally membrane-anchored proteins from released proteins. LocateP v1.0 has shown an overall accuracy o f 
90%  on genome-scale protein SCL prediction [56]. Though this pipeline was tailored for the SCL prediction o f 
monoderm bacterial proteins, the concept o f mimicking protein secretion process should as well apply to the 
protein SCL prediction in diderm bacteria, since the major Tat- and Sec- secretion systems and the signal 
peptide composition in both bacterial groups are highly similar [13, 117, 226-228].
In diderm bacteria, the cytoplasm is enclosed by the cell envelope, which possesses an inner bi-lipid membrane 
(IM ) and an outer bi-lipid layer membrane (OM) (Figure 1). In the space between the outer and inner membrane, 
called the periplasm, vast amount o f proteins reside and essential biological reactions take place. In diderm 
bacteria, up to eight final destinations o f  proteins can be distinguished based on their sorting and localization 
mechanisms: (1) cytoplasmic, (2) inner-membrane spanning (multi-transmembrane), (3) N-terminally 
membrane anchored, (4) periplasm, (5) lipid-anchored on the inner membrane (abbreviated lipoprotein-IM); (6), 
lipid-anchored on the outer membrane (abbreviated lipoprotein-OM); (7), outer membrane B-barrel spanning 
and (8), released/secreted (Figure 1).
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Figure 1: Protein subcellular locations in diderm bacteria. The N-anchored and the lipid-anchored proteins can have 
different topologies. The C-terminus of the N-anchored proteins can be either in the cytoplasm (N-anchored-Cyto proteins) 
or in the periplasm (N-anchored-Peri proteins), whereas the lipid-anchored proteins can be either retained on the inner 
membrane (lipoprotein-IM) or on the outer membrane (lipoprotein-OM), with their C-terminus in the periplasm. The other 
protein SCLs are: secreted to the extracellular milieu or injected into the host; outer-membrane spanning via ^-barrel; 
periplasmic; inner-membrane spanning (multi-transmembrane) and intracellular/cytoplasmic.
Table 1: Currently available SC L  predictors (the tools included in LocateP v.2.0 are m arked by *)______
Name Reference Application range
Tools that predict localization to various protein compartments
PSLpred [29] Diderm bacteria
SubcellPredict [33] Diderm bacteria
Gpos-PLoc [229] Monoderm bacteria
Augur [230] Monoderm bacteria
SLP-Local [50] Mono- and Diderm bacteria
CELLO* [49] Mono- and Diderm bacteria
PSORT v.3.0 [54] Mono- and Diderm bacteria
LocateP v.1.0 [56] Monoderm bacteria
Tools that predict single sequence segment that is related to protein SCL
BOMP* [60] Diderm bacteria
LipoP* [41] Diderm bacteria
TatP [57] Diderm bacteria
PrediSi* [59] Mono- and Diderm bacteria
SignalP* [66] Mono- and Diderm bacteria
TatPred [208] Mono- and Diderm bacteria
TMHMM* [21] Mono- and Diderm bacteria
Phobius* [23] Mono- and Diderm bacteria
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Here we report an extension o f the existing LocateP pipeline with selected specific SCL predictors for diderm 
bacteria, and with our newly developed tools for N-terminally membrane-anchored protein prediction. When 
tested with the benchmarking data from E.coli in the EchoLOCATION database [223], the LocateP v2.0 
pipeline shows a promising overall accuracy o f 85% correct prediction. Future perspectives o f improving the 
prediction specificity are discussed, including further plans for the development o f a web-based service which 
will guarantee the public availability o f LocateP for subcellular prediction o f both the monoderm and diderm 
bacterial proteins.
3.3 Methods
3.3.1 Data collection
The protein sequences o f E. coli K12 with experimentally validated SCL information were extracted from the 
database EchoLOCATION (Table 2). The genome sequences o f  selected diderm bacteria (Table 3) which are 
phylogenetically close to E. coli were downloaded from the N CBI sequence database 
(http://www.ncbi.nlm.nih.gov/). The experimentally validated extracellular set o f diderm bacterial proteins were 
extracted from the Psort v.3.0 [54] training data (http://www.psort.org/dataset/datasetv3.html), containing 419 
proteins.
3.3.2 Ortholog and homology search
The program Inparanoid [210] was used to detect orthologous proteins using the concept o f best-bidirectional 
blast hit. Distantly related homologs were detected by BLA STP [231] using the criteria o f 1e-03 and alignment 
length coverage o f  80%  [232]. Protein functional domains were detected using the Pfam database[233]. 
Sequence alignments were made with Muscle [202], and sequence conservation was visualized using Weblogo
[119].
Table 2: SC L  inform ation o f E. coli proteins from  the EchoLO C A TIO N  database
Locations # total proteins # SCL experimentally validated
Cytoplasmic 2873 74
Inner-membrane spanning 777 127
N-anchored-Peri* 6 6
N-anchored* 160 20
Membrane associated* 10 10
Inner membrane lipoprotein 14 4
Periplasmic 336 147
Outer membrane lipoprotein 96 72
Outer membrane B-barrel protein 53 32
Extracellular 14 14
Total 4345 506
The locations marked * from the SCL information from EchoLOCATION database were merged in the LocateP v2.0 
pipeline.
46
Table 3: Selected diderm bacterial genomes which are used to extend the experimental set by orthology
LocateP v2.0: a genome-scale protein subcellular location prediction pipeline for
monoderm and diderm bacteria
Species Refseq ID #Total Proteins # N on-redundant ortholog proteins
Xylella fastidiosa NC_002488 2766 409
Pseudomonas putida w619 NC_010501 5182 512
Vibrio cholerae O1 NC_002505 2741 377
Haemophilus ducreyi 35000HP NC_002940 1717 241
Yersiniapestis CO92 NC_003143 3885 422
Salmonella typhimurium LT2 NC_003197 4423 511
Shigella flexneri 2a NC_004337 4176 497
Klebsiella pneumonia 342 NC_011283 5425 550
3.3.3 Using HMMs analysis to distinguish between periplasmic and N-anchored membrane proteins
The experimentally validated protein sequences of the periplasmic and N-terminally anchored inner-membrane 
proteins were found from the EchoLOCATION database, and the set was enlarged with orthologous proteins 
from species closely related to E.coli. The N-terminus of each protein was extracted by truncating the sequences 
after the first 60 amino acids. The sequences of each group were first aligned by Muscle and then the created 
alignments were manually curated based on expert knowledge. Sliding window with sizes ranging from 1 to 10 
residues were used to scan through the aligned sequences, and a HMM was made for each window. The 
constructed HMMs were then applied back to the original N-terminus of each protein to select the most 
distinguishing models. The distinguishing HMM score cutoff values were determined as following steps: First, 
a window size of 1 was taken to slide down each alignment from position 8 (minimum length requirement of 
HMMer program) to truncate the aligned sequences, and for each truncated alignment a HMM was built. After 
removing the HMM models containing more than 80% gaps, 444 models remained.
Next, each HMM was applied to all sequences in both sets of fragments from N-anchored and periplasmic 
proteins. The HMMs that performed best in distinguishing the groups were selected, and cutoff values of HMM 
scores were extractly manually, literally meaning that a protein with a HMM score higher than 23 with N- 
anchored HMM and a periplasmic HMM score smaller than -18 are considered to be N-anchored; proteins with 
a score lower than -15 with the N-anchored HMM but higher than 37 with the periplasmic HMM are be 
predicted to be periplasmic.
Finally, a Python script was written to assign location prediction to each query protein, when the protein gains a 
HMM score which fell in the region that could not be covered by the cutoff values (so-called the “grey region”), 
the HMM that gave a higher score were considered more informative and the corresponding SCL (periplasmic 
or N-terminally anchored) were given to the protein as the prediction result.
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3.4 Results
3.4.1 Distinguishing the periplasmic and N-anchored membrane proteins by HMMs
Among the 4345 proteins in the genome of E. coli K12, the sequences of 506 proteins with experimentally 
validated SCLs were extracted from the EchoLOCATION database (Table 2). In order to enlarge this set, the 
orthologs of each selected protein were searched in eight diderm bacterial genomes (Table 3) that are closely 
related to E.coli. After removing redundancy (sequence similarity higher than 90%), a total of 4025 ortholog 
proteins were extracted, including 180 N-anchored and 347 periplasmic proteins.
The first 60 amino acids of each N-anchored or periplasmic protein were extracted and multiple sequence 
alignments were made using these truncated N-termini for both groups. Weblogos were constructed for all 
alignments, and a high homology was found in these 2 groups for the N- and H- regions of the signal peptide 
[68, 69, 234]. No obvious differences distinguishing these 2 groups could be detected by eye (Figure 2). 
Therefore a more statistical method was applied which has successfully increased the accuracy of N-terminally 
anchored protein prediction [56]. This system was constructed based on sets of selected truncated HMM models 
on the N-terminus of the experimentally validated proteins. The determintive cutoff values of HMM scores were 
extracted by hand, together with a Python script containing selective criteria which performes the final 
prediction (see Material and Methods). When these HMMs and the scoring scheme were applied to their 
respective training sets (experimentally validated periplasmic and N-terminally anchored proteins), a prediction 
accuracy of 97.5% was achieved.
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Figure 2: Weblogo visualization of protein sequence compositions of periplasmic, all N-anchored, and subsets of N- 
anchored-Peri and N-anchored-Cyto proteins, respectively. A: the sequence composition of all N-anchored and 
periplasmic proteins; B: the sequences composition of N-anchored-Peri and N-anchored-Cyto proteins. For all 4 groups of 
proteins, slight differences around the transmembrane helices (the region with conserved composition of “LA”) could be 
found. However, no seemingly clear motifs can be detected to discriminate the groups of proteins.
3.4.2 The SCL prediction pipeline LocateP v2.0
In addition to the HMM system that discriminates the N-anchored and periplasmic proteins, eight other 
predictors (Tatfind [39], TatP [57], SignalP [66], Phobius [23], Predisi [59],TMHMM [21], LipoP [41], BOMP 
[60]) that recognize single protein location or localization mechanism were selected to be included in LocateP 
v2.0. The structure of the pipeline follows the LocateP v1.0 strategy, which simulates the protein sorting and 
secretion processes. For diderm bacteria, specific settings are chosen while running the prediction tools (Figure 
3). The predictions by the different tools were extracted and the final decision of SCLs were made by majority 
vote [235]. The prediction process was sorted in a way that mimicks the protein secretion processes, an 
approach which has been proved to be helpful in improving SCL predictions [161].
More specifically, the topology prediction of the lipoproteins was determined in 2 steps: first the prediction of a 
lipo-box in the signal peptide was made by both the lipo-box [236] motif search and LipoP, and then the 
predicted lipoprotein sequence was scanned for Asparagine or Aspartic acid residues at position +2 of the lipo- 
box. The lipoproteins that have these residues were identified to be anchored on the inner membrane [237-240] 
while the others were predicted to be associated with the outer membrane, with their C-terminus in the
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periplasm. The SCL prediction of secreted (or transported to the host cells) proteins was performed by a 
combination of signal peptide detection and distant homology search with the experimentally validated 
extracellular proteins which has been used as the training set of the well established SCL predictor Psort v.3.0 
[54].
Figure 3: The structure  of the LocateP v2.0 pipeline.
3.4.3 Validation of LocateP v2.0
The experimentally validated sequences from the EchoLOCATION database, together with their ortholog 
proteins in other closely related species, were used as the benchmarking set to test the LocateP v2.0 prediction 
accuracy. The overall correct identification by LocateP v2.0 was always found to be higher than 85%. 
Especially on the prediction of cytoplasmic and outer membrane P-barrel proteins, only minor false predictions 
were found (Table 4).
The well-known systemic SCL predictor CELLO [28], which identifies only 4 different protein locations, was 
used for a performance comparison with LocateP v2.0. The results show that LocateP v2.0 out-performs 
CELLO both on sensitivity and accuracy (Table 4).
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Table 4: Performance evaluation of LocateP v2.0 using proteins with experimentally proven SCLs
EchoLOCATION location Totalnum ber a b c d e f g h
Accuracy
LocateP
v2.0
Accuracy
CELLO
a Intracellular 2978 2976 2 0 19 2 0 4 0 100% 95%
b Inner membrane spanning 199 0 196 0 1 0 0 2 0 98% 93%
c N-anchored 180 0 0 151 27 2 0 0 0 84% N/A
d Periplasmic 347 27 0 7 298 13 0 1 1 86% 47%
e Lipoprotein-IM 54 4 0 0 0 28 22 0 0 52% N/A
f Lipo protein-OM 123 2 0 0 4 0 117 0 0 95% N/A
g Outer membrane spanning ß- 
barrel 110 1 0 0 1 0 0 108 0 98% 38%
h Secreted or injected into host cells 34 7 0 0 0 1 0 0 26 76% 6%
Total 4025 86% 56%
LocateP v2.0 was applied to the 4025 proteins in the benchmarking set, resulting in an average accuracy of 86%. The lowest 
prediction rate was on the lipoproteins that are associated on the inner membrane. A comparison with CELLO shows that 
LocateP v2.0 out-performed CELLO both on prediction details and accuracy. a/ Intracellular; b/ Inner membrane spanning; 
c/ N-anchored; d/ Periplasmic; e/ Lipoprotein-IM; f/ Lipo protein-OM; g/Outer membrane spanning p-barrel; h/ Secreted or 
injected into host cells.
3.5 Discussion and future perspective
3.5.1 Prediction of protein SCL in diderm bacteria
The protein translocation mechanisms in diderm bacteria are rather complicated and can be separated into two 
types[13, 228]: (1) the one-step mechanisms that deliver the proteins directly from the cytoplasm to the 
extracellular medium or target cells, namely the T1SS (type I secretion system), T3SS (type III secretion 
system), T4SS (type IV secretion system) and T6SS (type VI secretion system) which form spanning structures 
through the inner and outer membranes; (2) the two-step mechanisms[226] T2SS (type II secretion system), 
T5SS (type V secretion system) and the CU (chaperone-usher) system which first export the proteins to the 
periplasm by the Sec- or Tat- systems and then translocate the proteins to their final compartment by specific 
secretion system components such as the chaperone-usher in the CU systems [241, 242]. Such elaborate 
secretion methods lead to difficulty in predicting the final subcellular destination of proteins[243]. Although 
many prediction tools, including LocateP v2.0, can accurately detect the existence of a signal peptide, it is 
difficult to predict the destination of those proteins that are directly exported by the one-step mechanisms. Even 
for the proteins that contain Sec- or Tat- signal peptides it is notable that the existence of a signal peptide does 
not guarantee the final destination of the proteins to be N-anchored, lipid anchored, periplasmic or secreted. 
Fortunately, several tools have been recently published focusing on recognizing the T3SS[244-247] secreted 
proteins, and the online service SecretomeP of so-called “non-classically secreted” proteins with no Sec- or Tat­
signal peptides has shown promising accuracy [47, 115]. Though some of these new tools lack local-installable 
packages, making it difficult to include them in the LocateP v2.0 pipeline at the moment, in the future, when 
more experimentally validated data become available, it should be possible to construct new LocateP modules 
adopting their methods as examples.
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3.5.2 The topology prediction of N-terminally membrane-anchored proteins
In the EchoLOCATION database, only 6 N-terminally anchored proteins were experimentally found to have 
their C-terminus in the periplasm (abbreviated to N-anchored-Peri). The rest of the 160 proteins were annotated 
as “membrane-anchored”, meaning that the proteins were found anchored on the inner membrane of the 
bacterium by their N-terminally uncleaved signal peptide. Among these 160 proteins, only 20 had an 
experimentally verified topology of the C-terminus in the cytoplasm (abbreviated to N-anchored-Cyto), leaving 
the residual 140 proteins with unknown/undefined topology. In monoderm bacteria, only a few cases of such C- 
terminus inside topology of N-anchored proteins have been found, e.g. the succinate dehydrogenase SdhA[248] 
and the cell-division related factor EzrA [249, 250]. Previous studies [48, 251] and our comparative analysis of 
N-terminally anchored proteins of lactic acid bacteria have shown that many of these “outside-in” proteins 
contain a positively charged residue(s) in the C-region of the signal peptide whereas the N-region has no 
positive charges (Zhou, et al., 2010, in press; Chapter 5 of this thesis). Therefore it is intriguing to apply the 
same rule in the E.coli proteins and try to distinguish the topologies of N-anchored proteins in diderm bacteria.
3.5.3 Future web-version of LocateP prediction package
The first version of LocateP (v1.0) has been applied to all publicly available monoderm bacterial genomes to 
provide SCL predictions which are stored in a publicly accessible database LocateP-DB 
(http://www.cmbi.ru.nl/locatep-db), which is updated every three months. However, with the rapid development 
of new generation sequencing techniques applied to bacterial genome sequencing, more and more requirements 
of SCL predictions have been raised, especially for non-published or incomplete genomes. Therefore, in order to 
fulfill such needs, the construction of a user-friendly web-version (Figure 4) utilizing the structure of LocateP 
v1.0 and v2.0 pipelines with preset or user-define parameters will soon be launched.
The web-version of LocateP will include both the LocateP v1.0 (tailored for monoderm bacteria), LocateP v2.0 
(for diderm bacteria) and the LocateP-DB database containing the SCL predictions for all published bacterial 
genomes.
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Figure 4. Planned structure of the web-based LocateP service. Tools marked * are only involved in the SCL prediction of 
diderm bacterial proteins.
3.6 Conclusions
A preliminary extension of the LocateP pipeline for subcellular location prediction of proteins has been 
constructed. The newer LocateP v2.0 has achieved an overall accuracy of 85% on SCL prediction of diderm 
bacterial proteins, including the separation of N-terminally membrane-anchored proteins and periplasmic 
proteins. Though improvements are planned such as including additional newly developed tools[252], 
prediction of N-anchored protein topology and the construction of a web-based protein SCL prediction service, 
the current version of the extended LocateP pipeline can be useful to support many genome research areas such 
as proteomics and integrative bioinformatics.
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surface-associated proteins of Lactic Acid Bacteria
4.1 Abstract
4.1.1 Background
In Lactic Acid Bacteria (LAB), the extracellular and surface-associated proteins can be involved in processes 
such as cell wall metabolism, degradation and uptake of nutrients, communication and binding to substrates or 
hosts. A genome-scale comparative study of these proteins (secretomes) can provide vast information towards 
the understanding of the molecular evolution, diversity, function and adaptation of LAB to their specific 
environmental niches.
4.1.2 Results
We have performed an extensive prediction and comparison of the secretomes from 26 sequenced LAB 
genomes. A new approach to detect homolog clusters of secretome proteins (LaCOGs) was designed by 
integrating protein subcellular location prediction and homology clustering methods. The initial clusters were 
further adjusted semi-manually based on multiple sequence alignments, domain compositions, pseudogene 
analysis and biological function of the proteins. Ubiquitous protein families were identified, as well as species- 
specific, strain-specific, and niche-specific LaCOGs. Comparative analysis of protein subfamilies has shown 
that the distribution and functional specificity of LaCOGs could be used to explain many niche-specific 
phenotypes.
A comprehensive and user-friendly database LAB-Secretome was constructed to store, visualize and update the 
extracellular proteins and LaCOGs (http://www.cmbi.ru.nl/lab_secretome/). This database will be updated 
regularly when new bacterial genomes become available.
4.1.3 Conclusions
The LAB-Secretome database could be used to understand the evolution and adaptation of lactic acid bacteria to 
their environmental niches, to improve protein functional annotation and to serve as basis for targeted 
experimental studies.
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4.2 Background
Lactic Acid Bacteria (LAB) have been used for centuries in industrial and artisanal food and feed fermentations 
as starter cultures and are important bacteria linked to the human gastro-intestinal (GI) tract [253-260]. 
Phylogenetically they form a relatively compact group of mainly Gram-positive, anaerobic, non-sporulating, 
low G+C content acid-tolerant bacteria [261-264]. The genera that comprise the LAB belong to the order 
Lactobacillales, and are primarily Lactobacillus, Pediococcus, Lactococcus, Streptococcus and Leuconostoc, 
while some peripheral genera are Enterococcus, Oenococcus, Aerococcus, and Carnobacterium. Interestingly, 
even within such a compact group, vastly divergent phenotypes have been reported, providing indications of 
high flexibility and adaptation of these species to their living environments [265-268].
Extracellular and surface-associated proteins play a most important role in many essential interactions and 
adaptations of LAB to their environment [269-278]. By definition these proteins are either exposed on 
(anchored to membrane G0:0046658, intrinsic to external side of plasma membrane G0:0031233 and the cell 
wall, G0:0005618) or released (extracellular milieu, G0:0005576) from the bacterial cell surface. On a genome 
scale these proteins form a subset of the proteome which contains both the exoproteome [4] and part of the 
surface proteome [279], but excluding the integral membrane proteins (GO: 0005887) and the proteins that are 
intrinsic to internal side of plasma membrane (G0:0031235). This subset of the proteome belongs to what 
Desvaux et.al have defined as “secretome” [4] and is known to mainly be involved processes such as: (1) 
recognition, binding, degradation and uptake of extracellular complex nutrients, (2) signal transduction, (3) 
communication with the environment and (4) attachment of the bacterial cell to specific sites or surfaces, e.g. to 
intestinal mucosa cells of the host [280-288]. Hence, genome-scale comparative analysis of these secretome 
(surface-associated and released from the cell) proteins may provide an understanding of the molecular function, 
evolution, and diversity of different LAB species and their adaptation to different environments.
Here we report a comparison of the predicted secretomes of 26 sequenced genomes of LAB representing 18 
different species (Table 1). The secretomeclusters of orthologous protein families (LaC0Gs: Lactobacillales 
Cluster of 0rtholog Groups) were extracted by combining homology clustering methods with protein subcellular 
location (SCL) prediction. The comparative analysis of LaC0Gs shows many niche-specific protein families 
that can be used as leads for future experiments.
The complete results of this study are stored in our open-source database LAB-Secretome 
(http://www.cmbi.ru.nl/lab_secretome) with a user-friendly web-interface. An automatic update scheme was 
constructed to be able to add information to the database on new bacterial genomes.
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Table 1: The predicted LAB secretomes (genomes included in the original LaCOG analysis [289] are 
m arked by *).___________________________________________________________________________________
LAB species and strains Totalproteins
Secretome proteins (% ) 
A B C D E F G
Total
(%)
E.faecalis V583 3186 2.32 1.26 3.36 0.97 0.16 1.6 0.13 9.8
L.acidophilus NCFM 1834 2.24 0.65 4.09 0.93 0 2.45 0.05 10.41
L.gasseri_ATCC_33323* 1733 1.85 0.69 3.92 0.52 0.12 0.69 0 7.79
L.johnsonii NCC 533* 1789 2.07 0.89 4.3 0.56 0.39 0.06 0 8.27
L.delbrueckii bulgaricus 
_ATCC11842 1536 1.56 0.13 3.45 1.04 0.07 2.02 0 8.27
L.delbrueckii_bulgaricus
_ATCC_BAA-365* 1681 1.43 0.06 3.15 0.95 0.18 2.08 0 7.85
L.casei_ATCC_334* 2693 1.63 0.78 3.79 0.78 0.15 1.41 0.07 8.61
L.casei_BL23 2973 1.68 0.77 3.4 0.84 0 1.35 0.13 8.17
L.salivarius_UCC118 1973 0.91 0.25 3.4 0.61 0.15 1.27 0.1 6.69
L.sakei 23K 1845 1.52 0.33 3.36 0.76 0.05 2.06 0.27 8.35
L.plantarum WCFS1* 2981 1.61 1.11 3.99 0.91 0.3 0.1 0 8.02
L.brevis_ATCC_367 2178 1.29 0.55 3.35 1.52 0.14 2.53 0.09 9.47
L.fermentum IFO 3956 1826 0.66 0.22 2.96 0.55 0 1.15 0.05 5.59
L.helveticus_DPC_4571 1597 1.38 0.13 4.51 0.44 0 2.13 0 8.59
L.reuteri F275 JGI 1881 0.74 0.21 3.67 0.85 0 1.01 0 6.48
L.reuteri F275 Kitasato 1803 0.78 0.28 3.55 1 0 1.22 0 6.83
L._lactis_cremoris_MG1363 2393 1.46 0.46 3.01 0.79 0 1.96 0 7.68
L.lactis cremoris SK11* 2459 1.38 0.41 3.17 1.02 0.12 1.67 0.08 7.85
L.lactis lactis IL1403* 2284 1.4 0.61 4.29 0.74 0.04 1.62 0.18 8.88
L.citreum KM20 1784 0.06 0.28 4.43 1.23 1.23 0 0.06 7.29
S.thermophilus_CNRZ1066* 1872 1.28 0.05 3.47 0.53 0.27 0.43 0.05 6.08
S.thermophilus_LMD-9* 1669 1.5 0.24 3.89 0.54 0.18 0.84 0 7.19
S.thermophilus_LMG_18311 1854 1.29 0.11 3.78 0.54 0.49 0.65 0 6.86
L.mesenteroides_ATCC_8293* 1966 0.1 0.31 4.93 1.12 0.31 1.22 0.15 8.14
O.oeni_PSU-1* 1664 0.12 0.06 4.33 0.9 1.56 0 0.06 7.03
P.pentosaceus ATCC 25745* 1727 1.1 0.17 3.88 0.35 0.17 0.98 0.12 6.77
A: Lipid anchored; B: LPxTG Cell-wall anchored; C: N-terminally anchored (No cleavage site); D: N-terminally anchored 
(with cleavage site); E : Secreted via minor pathways (bacteriocin) (no cleavage site); F : Secretory(released) (with cleavage 
site); G : C-terminally anchored (with cleavage site). The SCL prediction was made by LocateP.
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4.3 Results and Discussion
In this study we focus on those proteins that are predicted to be wholly or largely on the outside of the cell, 
regardless of the translocation systems. These proteins form a sub-proteome of what Desvaux et.al defined as 
the “secretome” [4] by excluding the translocation systems, the integral membrane proteins, and non-protein 
products. Although we adapt this term “secretome” to describe our protein subset of interest, we must specify 
that in our analysis the term “secretome” refers to only the proteins that are released from the cells to the 
extracellular milieu (also called exoproteome), and the proteins that remain cell-surface associated, but nothing 
else.
Ideally, a comparative secretome analysis should be performed on the experimentally validated sub-proteomes 
or on in silico predicted secretome proteins with the highest possible accuracies. However, it is well-known that 
wet-lab proteomic studies are extremely costly and can lead to many false predictions of subcellular location, 
while all the currently available in silico protein SCL predictors have only 80%-93% prediction accuracy [51, 
290-292]. Therefore, instead of clustering predicted extracellular proteins directly, we designed an alternative 
process which firstly groups all proteins in the sequenced LAB genomes into ortholog groups (LaCOGs) and 
afterwards extracts the secretome groups by using genome-scale SCL predictions (Figure 1). In this way, the 
wrongly predicted secretome proteins could be reduced because homologous proteins with similar functions and 
domains always tend to have the same SCL, and vice versa [51, 291-293].
The Lactobacillales-specific clusters of orthologous groups of proteins (LaCOGs) previously generated by 
Makarova et.al [289] were used as the basis for protein clustering into protein families. In total 3374 (729 new 
and 2645 existing) LaCOGs were formed by adding 14 recently sequenced LAB genomes to the Makarova et. al. 
set. Subsequently, a genome-scale SCL prediction was performed on all proteins in the 26 genomes (Table 1). 
By combining the SCL prediction and LaCOGs, and after manual curation (see below), we defined 462 
secretome LaCOGs (of which 212 are new compared to the Makarova et. al. set) composed of 3357 proteins, 
representing 7.4 % of the complete genome dataset and 93% of all predicted secretome proteins in these 26 
genomes. We defined thirteen general functional classes for these proteins, and the distribution of these 
clustered secretome proteins over the classes and LaCOGs is shown in Figure 2. An additional 249 putative 
secretome proteins could not be grouped into these LaCOGs, comprising 69 proteins that had only a distant 
homolog in non-LAB, and 180 proteins that had no homolog in any sequenced bacterial genomes, which we 
termed the extracellular “ORFans” (Table 2, Additional file 1, sheet S1).
4.3.1 Construction of the secretome protein clusters (LaCOGs)
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Table 2: Overview of the LaCOGs (genomes included in the original LaCOG analysis [289] are marked 
by *).
LAB species and strains Secretomesize
Proteins in 
LaCOG
Distant
Homologs ORFans LaCOGs
E.faecalis V583 284 233 22 29 131
L.acidophilus NCFM 172 161 2 9 108
L.brevisATCC 367 177 154 5 18 113
L. casei ATCC 334* 194 189 3 2 148
L. casei BL23 206 197 0 9 153
L. delbrueckii bulgaricus ATCC11842 112 112 0 0 93
L.delbrueckii bulgaricus ATCC BAA- 
365*
115 113 0 2 94
L. fermentum IFO 3956 88 79 3 6 68
L. gasseri ATCC 33323* 112 112 0 0 89
L. helveticus DPC 4571 115 113 0 2 88
L. johnsonii NCC 533* 134 125 2 7 99
L. plantarum WCFS1* 238 210 5 23 132
L. reuteri F275 JGI 105 103 0 2 86
L. reuteri F275 Kitasato 106 106 0 0 87
L. sakei 23K 139 117 4 18 81
L. salivarius UCC118 113 94 5 14 77
L. lactis cremoris MG1363 163 153 5 5 124
L. lactis cremoris SK11* 161 157 1 3 125
L. lactis lactis IL1403* 173 158 2 13 123
L. citreum KM20 114 103 4 7 80
L.mesenteroidesATCC 8293* 137 126 3 8 103
O. oeni PSU-1* 98 91 0 7 70
P. pentosaceus ATCC 25745* 102 90 1 11 80
S. thermophilus CNRZ1066* 94 94 0 0 80
S. thermophilus LMD-9* 100 97 1 2 87
S. thermophilus LMG 18311 98 98 0 0 84
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Figure 1: The flowchart for constructing the secretome LaCOGs. The completely sequenced LAB genomes are used as 
input data. No plasmid sequences were used for the Inparanoid search. The squares with dash-line frames are intermediate 
products that are not user-queryable from the LAB-Secretome interface; the squares with full-line frames are the final 
information stored in LAB-Secretome database. The upper left frame shows the processes that produce new LACOGs; the 
upper right frame shows the processes that extend existing LaCOGs. The new LaCOGs are coded starting with “9”, the 
extended existing LaCOGs retain the original names from Makarova et.al [289]. BlastP1: the Blast results were processed 
by a revised criterion “uniform top 3” (see Material and Methods); BlastP2: the Blast results were processed by cut-off of 1e- 
3 and aligned sequence coverage of 60% for distant homolog identification. This work scheme can be used to update the 
LAB-Secretome database when new bacterial genomes are available.
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Legend ofLaCOG function classes:
I Phage (2)
I Bacteriocin (3)
I Competence (12)
I EPS biosynthesis (5)
I Signalling/regulation (7)
I Cell-surface complex (26)
I Cell-wall turnover (38)
I Binding proteins (22)
I Cell division (6)
I Transport (39)
I Enzyme (73)
Unkown (297)
I Secretion (8)
EPS biosynthesis 
Phage 
Bacteriocin
Legend o f  LaCOG-species d istribution : □  Ubiquitous ■  Species/strain specific ■  In various species/strains
Figure 2: overview of distribution of secretome proteins in LaCOGs. The central pie depicts the distribution of 
secretome proteins in LaCOGs according to their functional classes. The percentage was calculated as the number of proteins 
in the category divided by the total of 3357 secretome proteins that were clustered into LaCOGs. The number of LaCOGs in 
each category is listed in the pie chart legend behind the name of the functional class. The separate yellow-red-green 
piecharts for each functional class represents the distribution of this LaCOG in the LAB genomes, i.e. ubiquitous, 
.species/strain-specific, or variable.
Although the LAB genomes vary in size, the size of the secretome as a fraction of each genome was fairly 
consistent (6-10%), as well as the distribution of proteins over different SCLs. The N-terminally anchored 
proteins with no signal peptidase cleavage site are the most abundant kind among all predicted secretome 
proteins. A striking feature of numerous secretome proteins, and particulaly surface-associated proteins, is that 
they are large and consist of many different domains (often in repeats), and domain compositions (see examples 
in Figure 3). In fact, this variation in domain composition has been used in constructing and sub-dividing the 
LaCOGs and separating sub-families of homologous proteins. Distinct combinations of domains provide hints 
for functions of these extracellular proteins in cell-wall metabolism, cell-wall binding and their communication 
with the environment (see below).
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Figure 3: Examples of LaCOGs families showing different domain types, domain compositions and repeats.
4.3.3 False predictions and pseudogenes
The preliminary secretome clusters were curated manually and corrected based on expert knowledge, e.g. for 
false-positive and false-negative predictions, incorrect gene starts, pseudogenes, etc. Examples of proteins of 
known intracellular function, but with consistent false-positive extracellular SCL prediction are listed in 
Additional file 2, sheet S1. In most cases the mis-prediction was caused by an a-helix-like N-terminal sequence 
in these proteins (possibly as part of the hydrophobic core of a globular protein), leading to the prediction as a 
signal peptide by LocateP. A further improvement was made by finding and removing those LaCOGs that have 
proteins which are anchored in the cell membrane with a single N-terminal transmembrane helix, but with the 
rest of the protein inside the cell (so-called outside-in topology, GO:0031235) [138-140, 294-300]. By aligning 
proteins within these LaCOGs we found that these proteins do not have positively charged residues preceding 
the N-terminal hydrophobic helix, but exclusively have a positively charged residue(s) immediately downstream 
of the transmembrane helix (examples in Additional file 2, sheet S2). Hence such features could be used for 
further development of a model for SCL prediction of N-terminally anchored proteins by LocateP.
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Nearly 400 pseudogenes were identified, but this is probably an underestimate. In most cases this was due to 
gene frameshifts, and occasionally to N- or C-terminal truncation of genes. Most of these genes could be 
concatenated to encode larger proteins with high similarity to known proteins in the LaCOGs. Many of these 
pseudogenes were initially predicted to encode intracellular proteins by LocateP, but after concatenation these 
proteins are predicted to be extracellular and/or contain domains of extracellular functionalities. An example are 
the proteins encoded by adjacent genes LSA1731 and LSA1730 in L.sakei 23K which were annotated as 
hypothetical proteins. The concatenated protein showed high similarity to proteins in LaCOG02935 which were 
exclusively cell-surface protein Csc complex family members [301]. In total 129 concatenated pseudoproteins 
were made with 279 protein fragments (Additional file 3, sheet S1), while 87 pseudogenes could not be 
combined (Additional file 3, sheet S2).
4.3.4 The LAB-Secretome database
The LAB-Secretome database (http://www.cmbi.ru.nl/lab-secretome/) was constructed to store and browse all 
the predicted extracellular proteins and LaCOGs. An overview page summarizes all predicted secretomes, 
LaCOGs, distant homologs in non-LAB species and the ORFans, with hyperlinks to the corresponding HTML 
pages to help users to browse the whole database (Figure 4A). The LAB-Secretome database can be queried in 
many ways, e.g. by bacterial species, protein subcellular location, protein accession identifiers, LaCOG numbers, 
protein functional classes, and Pfam domain accession codes or domain functions (Figure 4B). Visualization 
includes a description of LaCOG members and function, protein functional domain composition, and multiple 
alignments with notification of corrected start codons, pseudogenes and concatenated proteins (Figure 4D). A 
Blast function, utilizing the BlastP [209] program, enables users to query the clustering information of their 
proteins of interest to the extracellular proteins and families that are already in the database (Figure 4C). An 
automatic updating scheme for the LaCOGs (Figure 1) was designed to ensure that the need for manual curation 
is minimized when adding new bacterial genomes to the database.
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Figure 4: Screen shot of the LAB-Secretome database
A: Overview page of the database showing statistical information of the predicted LAB secretomes with active links to their 
corresponding pages; B: The search engine in LAB-Secretome which can browse the database by various types of queries; 
C: The BlastP search page of LAB-Secretome; D: An example page depicting parts of the detailed information that LAB- 
Secretome presents for each LaCOG.
4.3.S Overview of the extracellular protein families
4.3.5.1 Ubiquitous/essential LaCOGs
Only 22 LaCOGs were found to be fully conserved among all 26 LAB secretomes, or only lacking in 1 genome 
(S LaCOGs), e.g. the absence of an ATP-dependent protease from LaC0G014S3 in P. pentosaceus (Additional 
file 1, sheet S3).
Most of these LaCOGs contain proteins with universal functionalities involved in cell-wall metabolism, 
secretion, transport and DNA uptake (Figure 2). Only one conserved family (LaC0G01219) contains proteins of 
as yet unknown function, but presumably essential as they are conserved in all genomes.
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4.3.5.2 M ost common functionalities in the secretomes ofLAB
Among all 215 secretome LaCOGs with known or presumed functions, almost half of them contain proteins 
which are involved in cell-wall metabolism, e.g. the muramidase, lysin, lysozyme and beta-lactamase families 
(Figure 2). Many of these enzyme families are further subdivided into different LaCOGs based on variations in 
sequence homology and protein domain compositions, and some may represent species/niche-specific 
subfamilies. One example is the subdivision of proteins with an Nlpc/P60 family domain (e.g. gamma-D- 
glutamate-meso-diaminopimelate muropeptidase) into 5 separate LaCOGs (Additional file 4, sheet S1). These 
proteins vary in length from —150 to ~500 amino acids, all with the Nlpc/P60 domain in the C-terminal part. In 
only one of these subfamilies (LaCOG90015), all 16 members have 1-3 copies of LysM domains (Pfam 
PF01476) in their N-terminal part, indicating extra binding functions to the cell-envelope. A similar domain 
architecture is found in one of the four N-acetylmuramoyl-L-alanine amidase subfamilies (LaCOG01848), 
which has an enzymatic C-terminal domain and 0-3 N-terminal SH3 domains (Pfam PF08239), known to bind 
to proline-rich regions of proteins. In the pepdidoglycan hydrolase subfamilies LaCOG00186 and LaCOG01653 
the enzymatic domain is located at the N-terminus and can be followed by different kinds, combinations and 
numbers of binding domains such as LysM, SH3 or surface layer domain (Pfam PF03217) (Figure 5). These 
examples all illustrate that the many types of extracellular enzymes involved in cell-wall turnover have different 
mechanisms to attach to components of the cell surface.
LaCC)G00186 (Secreted N-acetylglucosaminidase, muramidase)
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Legends: Mannosyl-glycoprotein endo-beta-N-acetylglucosaminidase LysM domain Bacterial SH3 domain Bacterial surface layer protein domain
Figure 5: Domain structure variation of enzymes within a family. Examples of an enzyme family (N-acetyl- 
glucosaminidase) with variations in the type and number of cell-envelope binding domains.
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4.3.5.3 Niche-specific LaCOG families
1/ L. acidophilus complex specific
The acidophilus “complex” including the species L. acidophilus, L. johnsonii, L. gasseri, L. delbrueckii ssp 
bulgaricus and L. helveticus has long been regarded as a phylogenetic subgroup [302-304]. About 30 LaCOGs 
appear to be specific for these species (Additional file 1, sheet S4). Their proteins include an ABC-type 
phosphate/phosphonate transport system (LaCOG02118), the aggregation promoting factor (LaCOG90005) 
[305-307], a putative competence protein (LaCOG03110) and several families of S-layer proteins, which may 
reflect the special binding function that these S-layer proteins generally share in these acidophilus complex 
species [308-315]. Interestingly, twenty of these acidophilus complex-specific LaCOGs contain only 
extracellular proteins of unknown function, and it should be challenging to focus on experimental determination 
of their function.
2/ G l-tract specific
If we consider the LAB species L. acidophilus, L. johnsonii, L. gasseri, L. reuteri, and L. salivarius to be 
specifically found in the GI-tract, then we can identify 17 LaCOGs which are not found outside of this group, of 
which 13 families contain only proteins of unknown function (Additional file 1, sheet S4). One mucus-binding 
protein family (LaCOG02280) was found to be specific for these GI-tract LAB, and contains 4 proteins from L. 
acidophilus, L. gasseri and L. johnsonii. All four proteins are larger than 2300 amino acids, contain a signal 
peptide with YSIRK domain (Pfam PF04650) and appear to be anchored to the peptidoglycan by an LPxTG 
cell-wall anchor (Pfam PF00746). Each protein has 5-11 copies of a mucus-binding domain, as defined by 
Boekhorst et al [60], showing their particular role in binding to mucus components in the GI-tract [89, 257, 316, 
317]. The 3D structure of this domain of 184 residues has recently been determined and shows similarity to the 
functional repeat found in a family of immunoglobulin-binding proteins [318].
3/ Plant-associated specific
Twelve LaCOGs appear to be specific for the group of plant-associated species Leuconostoc, Oenococcus, L. 
plantarum, L. brevis, and P. pentosaceus, of which 7 familes contain only proteins of unknown function 
(Additional file 1, sheet S4). One of these (LaCOG02876) includes 4 homologous proteins from L.brevis, 
L.plantarum, O.oeni and L.citreum, which show a high sequence similarity to each other, but the protein from L. 
plantarum has a much longer serine-rich spacer between the N- and C-terminal domains. A similar domain 
structure differing in a long serine-rich spacer is seen in the 2 hypothetical proteins from L. plantarum  and L. 
brevis in LaCOG02927.
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4/ Dairy LAB specific
A few protein families were found only to occur in the secretomes of the dairy LAB S. thermophilus, L. lactis 
and E. faecalis (Additional file 1, sheet S4). These proteins have functional properties that may be relevant to 
the dairy niche, e.g. LaCOG00374 contains ABC transporter substrate-binding proteins for polar amino acids, 
and could possibly be required for growth in milk [319-322]. The L. lactis strains have a single copy of this 
gene, while the S. thermophilus strains all have 3 consecutive genes encoding paralogs of this amino acid- 
binding protein. All dairy Streptococcus and Lactococcus strains contain a single gene encoding a beta- 
lactamase (LaCOG00012) which may play a role in destroying penicillin that these strains may encounter in 
milk [144, 323-326]. A putative chitinase (glycosyl hydrolase family 18; LaCOG02690) is found exclusively in 
E. faecalis and in L. lactis strains.
4.3.5.4 Species-specific and strain-specific LaCOGs
Up to 150 LaCOGs were found to be species-specific or strain-specific (Additional file 1, sheet S5). The 
distinction is not so clear yet because for some species several strains were sequenced (e.g. L. lactis, S. 
thermophilus) while for many species only a single strain was sequenced to date. Most of these families are 
made up solely of hypothetical proteins with highly conserved sequence (Figure 2). L. casei and L. lactis have 
the highest number of species-specific LaCOGs, indicating that they may have more unique extracellular 
functions. Examples of species-specific extracellular proteins are the PrgA/PrgB/PrgC surface proteins of E. 
faecalis [327-329], an alpha-amylase (LaCOG02644) in L. lactis strains, a phospholipase A2 family enzyme 
(LaCOG99223) in L. casei strains, a cyclo-nucleotide phosphodiesterase (LacOG00213) in S. thermophilus 
strains, and a mucus-binding protein (LaCOG90010) in L. delbrueckii strains.
4.3.5.5 Extracellular proteins not in LaCOGs: ORFans and proteins with only distant homologs in non-LAB
About 249 putative extracellular proteins could not be classified into LaCOG families, and comprise 69 proteins 
that have only distant homologs in non-LAB species and 180 ORFans that are species-specific (Additional file 
1, sheets S6 and S7). While the ORFans are nearly all hypothetical proteins of unknown function, the distant 
homologs also contain proteins with a variety of known functions, such as extracellular enzymes (e.g. xylanase, 
pectate lyase, endo-beta-N-acetylglucosaminidase, proteases and beta-fructosidase), substrate-binding proteins 
of transporters, miscellaneous binding proteins and specific bacteriocins. The uniqueness of these proteins 
suggests that most species or strains have a few unique extracellular proteins that are not found in other 
sequenced LAB, and may encode unique functions that are related to their environmental niche. Quite a few of 
the proteins of unknown function are predicted to be lipid-anchored and therefore may represent substrate- 
binding proteins of uncharacterized transporters.
LAB-Secretome: A genome-scale comparative analysis of the predicted extracellular and
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4.3.6 Specific enzyme families
LAB possess a variety of extracellular hydrolytic enzymes and transglycosylases which presumably relate to 
interactions with their environment, e.g. for degradation of growth substrate polymers. These enzymes have 
been clustered and sub-divided into protein families (LaCOGs) based on specific domain compositions (Table 3, 
Additional file 4, sheet S2). For instance, the subtilisin-like serine proteases (Pfam PF00082), known to be 
important for growth on protein substrates [330-333], were clustered into 2 LaCOGs: the first family 
(LacOG02153) is composed of 7 proteins containing a protease-associated PA domain (Pfam PF02225) inserted 
in the catalytic domain which forms a lid structure that covers the active site, whereas the other family 
(LaCOG90024) was only found in L. casei and L. acidophilus, and contains subtilisin-like serine proteases 
without the PA domain. Putative transglycosylases, also referred to as aggregation-promoting factors [305, 334­
336], are divided into three subfamilies (LaCOG01580, LaCOG02932,LaCOG90005), and have a highly 
conserved C-terminal domain [317]. Furthermore, there are several families of hydrolases of unknown function 
(Table 3). The extracellular alpha/beta hydrolases with a DUF915 domain (Pfam PF06028) are subdivided into 
four families, two of which are highly populated (LaCOG01137 and LaCOG01138, with 46 and 30 members, 
respectively) and found in nearly all LAB, suggesting that they have an essential, but as yet unknown, function.
4.3.7 Specific binding-protein families
Many extracellular proteins contain known domains for binding to macromolecular substrates. In addition to 
domains for binding to the cell wall of the producing cell (e.g. LysM, SH3), several other domains are found 
which are related to binding to host macromolecules (e.g. domains annotated as mucus-binding, chitin-binding, 
collagen-binding, fibronectin-binding, carbohydrate-binding, etc) (Table 3). Some of these annotations derive 
from in vitro binding studies and may not reflect in vivo functions. In LAB, mucus-binding domains (MUB, 
MucBP) are found in many proteins and are thought to play a role in binding to the host GI-tract mucus layer 
[303, 337, 338]. An enormous variety is found in the size of these mucus-binding proteins and in the number of 
mucus-binding domains. We have made a preliminary separation into 7 different subfamilies of mucus-binding 
proteins based on protein size, sequence homology, domain composition and phylogeny (Table 3). The three 
largest subfamilies are (1) LaCOG00885 containing 11 members from different LAB but not from L. 
acidophilus group members, (2) LaCOG01470 with 28 members, found in many LAB, and (3) LaCOG03211 
which includes 10 proteins. The proteins of LaCOG00885 contain solely the MucBP domains as defined by 
Pfam (PF00746), while the proteins of the other two LaCOGs possess multiple copies of the larger MUB 
domains as defined by Boekhorst et al. [317] (see also Figure 2 in[339]). Many mucus-binding proteins of L. 
acidophilus group members contain an N-terminal [Y/F]SIRKxxxGxxS-containing signal peptide (PF04650) 
which was earlier reported as a typical characteristic of the L. acidophilus MUB proteins [44, 338], and may 
relate to a specific function in sorting or folding [340, 341]. Furthermore, it is striking that many large genes 
encoding mucus-binding proteins are pseudogenes (e.g. in LaCOG01470, LaCOG03211 and LaCOG99309). 
While it is unlikely that these are all due to sequencing errors, it is not clear yet whether these are truly 
pseudogenes, or possibly may encode functional proteins after transcription with strand-slipping [257, 317].
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Table 3: Examples of specific enzyme and binding-protein sub-families
Product LaCOG Functional domain D istribution Special features
Specific enzyme families
LaCOG02153 Subtilase family L.casei, L.delbrueckii bulgaricus, PA domain (PF02225)
Subtilisin-like 
serine protease
L.johnsonii,L.lactis, 
S. thermophilus
inserted in the subtilase 
family domain
LaCOG90024 Subtilase family L.acidophilus, L.casei no PA insert domain
LaCOG01094 T ransgly cosy lase-like domain, mainly in L.plantarum , 
L.lactis , S.thermophilus
different domains for PG 
binding
LaCOG01589 aggregation promoting factor 
related surface protein
not in L.acidophilus group PG bound by LysM domain; 
highly conserved C-terminal
Trans- domain ending in GWY
glycosylase
LaC0G 02932 aggregation promoting factor only in L.delbrueckii bulgaricus, highly conserved C-terminal
related surface protein L.plantarum , L.acidophilus group domain ending in WY
LaCOG90005 aggregation promoting factor 
related surface protein
only in L.acidophilus group highly conserved C-terminal 
domain ending in GWY
Dextran LaCOG90016 glycosyl hydrolase family 70 only in Leuconostoc, L. reuteri,
sucrase O. oeni
Cell-surface hydrolases
LaCOG01137 alpha/beta hydrolase of 
unknown function (DUF915)
ubiquitous
LaCOG01138 alpha/beta hydrolase ubiquitous
alpha/beta (DUF915)
hydrolase LacOG01920 alpha/beta hydrolase 
(DUF915)
only in L. delbrueckii bulgaricus, 
L.plantarum  , L.casei
LaCOG02785 alpha/beta hydrolase 
(DUF915)
only in L.plantarum  , L.casei , 
L.sakei
lipase/Acyl-
hydrolase
LaCOG00342 GDSL-like
Lipase/Acylhydrolase
not in L.acidophilus group w ith GDSL-like motif
LacOG02019 cell surface hydrolase 
membrane-bound (putative)
only in L.delbrueckii bulgaricus, 
L.plantarum ,L.casei , 
L.fermentum
general cell
LaCOG01618 cell-surface hydrolase; only in L.plantarum  ,
hydrolase L.delbrueckii bulgaricus, 
P.pentosaceus
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Binding proteins
mannose- LaCOG01741 MUB domain, Gram positive only in L.plantarum , L.delbrueckii
specific anchor bulgaricus, P.pentosaceus,
adhesion L.acidophilus group
collagen- LaCOG00092 Collagen binding domain, not in L.acidophilus group
binding protein Gram positive anchor
LaCOG00885 M ucBP domain (Classical), 
Gram positive anchor
not in L.acidophilus group Leucine Rich Repeat , PT 
repeat
LaC0G 01470 MUB domain, Gram positive 
anchor
many pseudogenes, most 
L.acidophilus group proteins 
have YSIRK-type signal 
peptide
mucus-binding
protein Lac0G 02280 MUB domain, Gram positive anchor
only in L.acidophilus group very large, YSIRK-type 
signal peptide
L aC 0G 03211 MUB domain, Gram positive 
anchor
5 of 10 are pseudogenes; 
YSIRK SP in L.acidophilus 
group members
Lac0G 99309 MUB domain , Gram positive 
anchor
only in L.acidophilus group all pseudogenes; YSIRK type 
signal peptide
chitin-binding LaC0G 01300 Chitin binding domain E.faecalis, L.plantarum , L.sakei, maybe related to niche
protein L.lactis
adherence
protein
LaC0G 01366 von Willebrand factor type A 
domain, Cna protein B-type 
domain
only in L.lactis, E.faecalis, 
L.citreum , L.casei
4.4 Conclusions
Lactic Acid Bacteria (LAB) occur naturally in many different fermentation environments such as plant, meat, 
dairy and cereal. Overall similarities have been identified among the genomes of many LAB species [307, 342­
348]. However, bio-diversity has also been reported frequently, showing that subtle variations in presence or 
absence of proteins and functional domain composition might lead to important traits during bacterial adaptation 
to their living environments [349-356]. Our comparative research on extracellular and surface-associated protein 
families has provided a more solid basis for this hypothesis. Universal families have been identified which are 
apparently essential for survival of all LAB, but also species-specific protein families. Besides the clustered 
proteins with known functions, many families of hypothetical proteins and unique proteins (ORFans and 
proteins with only distant homologs in non-LAB) were found.
Protein clustering supports niche-dependent features of specific subgroups of LAB (e.g. the L. acidophilus 
group) and could aid in linking bacterial phenotypes to genotypes. The distinct sub-families of the different 
LaCOGs have provided clues for adaptation of the bacterial cells to their living environment, such as the GI-
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tract. The result of this study can be used as leads for experimental work on the molecular evolution, diversity, 
function and adaptation of bacteria to specific environments.
Our clustering methods and database structure were designed in a way that allows adoption to other groups of 
bacteria than LAB. The analysis results are stored in a queryable database which provides vivid browsing 
functions for users, and will be updated regularly to guarantee the continuation of the service to the biology 
community. Our clustering information into families could definitely help in checking the quality of newly 
sequenced genomes and for genome (re-)annotation.
4.5 Methods
4.5.1 Genome sequences and bioinformatics tools used in this research
The genome sequences of 26 selected representative lactic acid bacteria, including the protein functional 
annotation and the gene contexts, were obtained from the NCBI bacterial genome database (version 15 Aug., 
2008) [357].
BlastP (default cutoff values of E<1, low-complexity filter disabled) [209] and Inparanoid [210] were used for 
sequence homology and orthology searches, respectively. Protein subcellular location (SCL) was predicted by 
LocateP [290]. Multiple sequence alignments were constructed using Muscle [358]. Motif searches were 
performed using MEME and MAST [359]. Protein domains (version Dec. 2008) [233] originating from the 
Pfam database [360-362] and additional HMMs reported in other studies [44, 80, 301, 317, 363, 364] were 
searched using HMMER [365] with the respective cut-off of each model. The domain functions were obtained 
from the GO database [366] using the PFAM2GO dataset [366].
The LAB-Secretome database was created in MySQL and the database interface was written in PHP 
(version5.2.7). Visualization of the protein domain composition was made using scalable vector graphics 
(SVG).
4.5.2 Protein clustering into orthology groups (LaCOGs)
First, the 22,191 proteins in 3195 LaCOGs generated by Makarova et.al [1] from 12 LAB genomes were used as 
the basis for protein clustering. All protein sequences from 14 newly sequenced LAB genomes were searched 
against the Makarova LaCOG set using BlastP. The proteins that have high homology to the existing LaCOGs 
were then selected using a revised criterion based on the well-known COG extension rule “uniform top 3”[367]: 
if all the top 3 (in case of LaCOG size of 2, the top 2 hits were taken) BlastP hits of a query protein belong to the 
same LaCOG (LaCOG size bigger than or equals to 2), then the query protein is added to this LaCOG.
LAB-Secretome: A genome-scale comparative analysis of the predicted extracellular and
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Since the above-mentioned extension was purely based on the homologs of proteins that were already included 
in the LaCOGs by Makarova et al., the specific proteins from newly sequenced species, e.g. L. reuteri, were not 
added due to the absence of the “seeding sequences” for BlastP. In order to cluster all proteins that originated 
from the newly sequenced genomes, a complete all-to-all Inparanoid [210] search was performed in a parallel 
fashion with the proteins encoded in the 14 new genomes to identify orthologous proteins. Cut-off settings of 
bitscore 50 and sequence overlap of 50 % were used. The proteins with all-to-all bidirectional-best-hit (BBH) 
relationship [368, 369] were clustered into groups, meaning that in any such group, each member is the BBH of 
another member. This stringent criterion generates new cores of orthologous proteins.
Using the core ortholog clusters and the extended LaCOGs made in step one, the proteins that were not 
previously included in any clusters, including those proteins from Makarova LaCOGs containing only 1 member, 
were Blasted as queries. In this step, the revised criterion “uniform top 3” was used and new LaCOGs were 
made.
The newly made LaCOGs were merged with the extended Makarova LaCOGs, and the newly made ones were 
assigned coding numbers starting with “9” in their names, e.g. LaCOG90001, to distinguish them from the 
extended Makarova LaCOGs.
4.5.3 LaCOG quality control
In order to check the quality of the merged LaCOGs, an iterative BlastP search was performed using the 
clustered proteins as queries against all the proteins that were not included in any constructed LaCOGs, using 
the criteria of 1E-3 and query-hit protein length ratio of 0.6, which has been tested by Boekhorst et. al. [370] for 
distant homolog identification. This iterative search found that only 13 non-clustered proteins (mostly 
hypothetical proteins) had a distant homolog in 11 different LaCOGs, indicating that our clustering methods 
have extensively included most of the proteins into possible homologous clusters.
4.5.4 ORFans and proteins with only non-LAB distant homologs
The LAB proteins that could not be clustered into LaCOGs by the previously described procedures were then 
collected and Blasted against all completely sequences non-LAB bacterial genomes (both Gram- and Gram+ 
species). The same criterion of distant homolog identification [370] was utilized. Proteins that had no homologs 
in any other species were named “ORFans”.
4.5.5 Secretome LaCOG extraction
The clustering information of merged LaCOGs, proteins that have only distant homologs in non-LAB species 
and the ORFans was then combined with the SCL prediction made by LocateP (Table 1). Initially, only the 
LaCOGs that had at least half of the members with a predicted secretome SCL corresponding to (1) lipid-
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anchored; (2) N-/C-terminally anchored; (3) secreted by Tat- or Sec- pathway; (4) secreted via non-classical 
pathways, or (5) cell-wall anchored were identified as the secretome LaCOGs. Later, all other LaCOGs were 
manually inspected, and a few families were identified with a mixture of secretome and intracellular proteins; 
only the secretome proteins were added to the database. The same classification was applied to the secretome 
ORFans and proteins that have only distant homologs in non-LAB species. The resulting clusters of secretome 
proteins, the “secretome”, can be further extended by similar processes when new (LAB) genome sequences 
become available.
Proteins that are exported by unknown mechanisms and so-called “moon-lighting” proteins (known 
intracellular function, but often also found on the outside of the cell) [115] were not considered as their 
extracellular SCL cannot be predicted.
4.5.6 Manual curation
In order to obtain as accurate as possible prediction of secretome proteins and their classification into LaCOGs, 
we performed a throughout manual inspection on all the secretome proteins, including the ORFans and the ones 
included in LaCOGs. All proteins were double checked for the ORF-calling quality by the criteria combining 
protein length, possible alternative start (end) codon, multiple sequence alignments, protein domain composition 
and SCL prediction consistency.
Incorrectly chosen start codons in the original annotations were corrected based on sequence alignment with 
protein family members, position of putative ribosome-binding sites, and known features of signal peptides. 
Pseudogenes were initially identified when BLASTP analysis of the encoded proteins showed that they belong 
to extracellular protein families in LaCOGs, but that they represented only a fragment of the protein. By analysis 
of the coding region of these pseudogenes with their adjacent nucleotide sequences we could generally identify 
frameshifts, such that the missing protein part(s) were found to be encoded in a different reading frame. In these 
cases, the entire opening-reading frames were translated into protein fragments, regardless of the absence of 
start codons, and these protein fragments were concatenated to form new protein sequences that share high 
similarity to other known full-length proteins. In a few cases, ORFans were also identified as pseudogenes when 
they lacked a signal peptide, but otherwise contained protein domains typical of extracellular proteins.
Generally, we expected the ORFans to be real genes that represent unique functionality to the specific LAB in 
which they occur. However, because the average size of these hypothetical ORFs was below 100 amino acids, it 
is possible that some small ORFans could as well be wrongly predicted ORFs or pseudogenes. Proteins smaller 
than 80 amino acids containing only a Sec-type N-terminal signal sequence were removed from the set of 
predicted extracellular proteins, since their C-terminal part is generally too small to represent an extracellular 
domain. Moreover, many of such small proteins with a single predicted TM helix are now increasingly 
considered as small integral membrane proteins [371].
LAB-Secretome: A genome-scale comparative analysis of the predicted extracellular and
surface-associated proteins of Lactic Acid Bacteria
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5.1 Abstract
Lactobacilli belong to the lactic acid bacteria, which play a key role in industrial and artisan food raw-material 
fermentation, including a large variety of fermented dairy products. Next to their role in fermentation processes, 
specific strains of Lactobacillus are currently marketed as health promoting cultures, or probiotics. The last 
decade has seen the completion of a large number of Lactobacillus genome sequences, including the genome 
sequences of some of the probiotic species and strains. This development opens avenues to unravel the 
Lactobacillus associated health-promoting activity at the molecular level. It is generally considered likely that 
an important part of the Lactobacillus effector molecules that participate in the proposed health-promoting 
interactions with the host (intestinal) system, reside in the bacterial cell envelope. For this reason, it is important 
to accurately predict the Lactobacillus exoproteomes. Extensive annotation of these exoproteomes, combined 
with comparative analysis of species or strain-specific exoproteomes may identify candidate effector molecules, 
which may support specific effects on host physiology associated with particular Lactobacillus strains. 
Candidate health-promoting effector molecules of lactobacilli can then be validated via mutant approaches, 
which will allow for improved strain selection procedures, improved product quality control criteria, and 
molecular science based health claims.
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5.2 Introduction: the Lactobacilli
Lactobacilli belong to the lactic acid bacteria (LAB), which are Gram-positive organisms with a low G + C 
content that belong to the phylum of the Firmicutes and are members of the Clostridium-Bacillus subdivision of 
Gram-positive eubacteria [372]. The genus Lactobacillus currently includes 148 recognized species (NCBI 
taxonomy database), and encompasses unusually high phylogenetic and functional diversity.
Lactobacilli encompass aero-tolerant and anaerobic species and strains and are classically regarded as strictly 
fermentative. Many lactobacilli are associated with food and feed fermentation, mainly because they contribute 
to raw-material preservation due to acidification, but also because of their capacity to contribute to product 
characteristics like flavour and texture. The natural habitat of lactobacilli ranges from dairy, meat, and plant 
material fermentations to the oral cavity, and genital and gastrointestinal tracts of humans and animals [256, 
373]. Lactobacilli have been recognized as potential health beneficial microbes in the human gastrointestinal 
tract, which is clearly reflected by the probiotic products that are currently marketed.
The extracellular characteristics of different lactobacilli are of great importance for their capacity to interact 
with and influence different factors encountered within the gastrointestinal tract (for reviews see: Lebeer et al., 
2008 [269]; Kleerebezem & Vaughan, 2009 [270]). This review focuses on genome-based prediction of the 
extracellular proteome of lactobacilli and the comparative analysis of their genes and proteins. In addition, we 
discuss the current state of our knowledge of the molecular interaction of specific extracellular components of 
lactobacilli with the host intestinal system.
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Following the initial focus of bacterial genomics on pathogenic and paradigm laboratory species, the focus has 
shifted to encompass many industrially relevant and benign bacteria, including lactobacilli. The current public 
databases contain 18 complete Lactobacillus genomes, while at least 50 Lactobacillus genome sequencing 
projects are ongoing at this moment (www.ncbi.nlm.nih.gov/genomes/lproks.cgi). Extensive comparative 
analyses of the Lactobacillus (and other LAB) genomes already revealed the molecular basis for some 
phylogenetic, phenotypic and ecological diversity of the different species encompassed within the genus [303, 
304, 307, 374]. In general, Lactobacillus genome annotation and metabolic reconstruction revealed a 
considerable degree of auxotrophy for aminoacids and/or other cellular building blocks. Lactobacilli appear to 
compensate for these metabolic ‘gaps’ by encoding a large variety of import functions to incorporate 
environmental nutrients in their metabolism. Niche-specific genomic adaptations are clearly reflected within the 
Lactobacillus genomes. The typical milk-adapted L. bulgaricus and L. helveticus genomes [306, 307] are 
characterized by so-called genome decay and contain many pseudogenes related to the utilization of several 
carbohydrates, reflecting their dedication to growth on lactose. Notably, these characteristics are shared with 
Streptococcus thermophilus, another LAB that is strongly adapted to the milk habitat [375, 376]. In contrast, the 
lactobacilli associated with the intestinal niche commonly encode a large array of sugar import and utilization 
functions [275, 307, 377]. Other functions that appear to be typically enriched in intestinal lactobacilli include 
the (mucus binding) cell-surface proteins and specific extracellular enzyme complexes that may be involved in 
complex carbohydrate degradation[80, 317].
The current shift of bacterial genomics from single strain genomics to the pan-genomics of a species, including 
post-genomic approaches like comparative genome hybridization using whole-genome DNA micro-arrays to 
assess genomic diversity in relation to phenotypic diversity, is illustrated by the lactobacilli L. plantarum [378, 
379] and L. sakei [380]. In addition, strain diversity can nowadays also be addressed by the determination of 
multiple genome sequences of individual isolates of a particular species (for a review see: Tettelin & 
Feldblyum, 2009 [381]). For several Lactobacillus species there are currently multiple genome sequences 
available, including L. plantarum, L. casei, L. delbrueckii, L. reuteri, and L. rhamnosus, while some of the 
ongoing Lactobacillus genome sequencing projects target multiple strains of a particular species, including 6 
strains of L. crispatus and L. jensenii (www.ncbi.nlm.nih.gov/genomes/lproks.cgi). This trend is bound to 
facilitate function assignment, including the identification of potential probiotic ‘effector molecules’ as has 
been illustrated for the mannose-specific adhesin function encoded by L. plantarum [382] (see also below). 
Similarly, comparative genomics may directly enable the identification of strain-specific probiotic ‘effector 
molecules’. In this respect, the recent completion of the genome sequence of the best-documented probiotic 
strain, Lactobacillus rhamnosus GG [383], and its comparison to the closely related LC705 illustrates the 
potential of this approach. The two L. rhamnosus genomes (both approximately 3.0 Mbp) display high levels of 
similarity and synteny, but contain strain specific genomic islands. The genomic islands specific for strain GG 
encode approximately 80 proteins, including those involved in sugar metabolism and transport, and 
exopolysaccharide biosynthesis [383]. Two pilus gene clusters (spaCBA and spaFED), containing the 
predicted genes for three pilin subunits and a single sortase, were only found in L. rhamnosus GG. The
5.3 Genomics of lactobacilli
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presence of these islands was confirmed to be essential in the adherence to intestinal mucus via either 
electrostatic contacts or mucus-binding domain(s) and is proposed to aid persistence of L. rhamnosus GG in 
vivo in the intestine [383, 384]. Analogously, the genome of the probiotic L. johnsonii strain NCC533 is 
predicted to encode fimbriae-like surface structures that may also play a role in epithelial cell adhesion [385].
Genome mining aiming to identify probiotic effector molecules is commonly focused on functions that are 
targeted towards the cell surface, because these functions are considered to be plausible candidates for probiotic 
interactions with the intestinal system. As an example, in silico exoproteome prediction for L. plantarum 
WCFS1 revealed at least 12 proteins that are putatively involved in adherence to host components such as 
collagen and mucin [317]. Mutational analysis of predicted extracellular fibronectin and mucin-binding 
proteins of L. acidophilus NCFM confirmed their role in human epithelial cell binding in vitro [310].Therefore, 
it is of great importance that analysis of Lactobacillus genomes includes the accurate predictions of surface- 
associated functions, and encompasses the prediction of subcellular location and correlated membrane or cell- 
wall anchoring mechanisms.
5.4 Lactobacillus protein transport pathways
Seven main protein secretion mechanisms have been characterized in Gram-positive bacteria, namely the Sec 
(secretion), T at (twin-arginine translocation), FEA (flagella export apparatus), FPE (fimbrilin-protein exporter), 
holin (pore-forming), peptide-efflux ABC, and Wss (WXG100 secretion system) pathways (for reviews see: 
Driessen & Nouwen, 2008 [37]; Lee et al., 2006 [159]; van Wely et al., 2001 [8]; Desvaux et al., 2009 [4]). 
These pathways are commonly conserved in many Gram-positive bacteria, and by applying sequence homology 
and protein-domain searches we have evaluated the presence of these protein secretion pathways in 13 published 
genomes of lactobacilli (Supplementary Table 1). This targeted mining of the Lactobacillus genomes revealed 
that these species do not encode the main factors involved in the Tat, FEA, and Wss protein secretion pathways, 
but do contain genes encoding the Sec, FPE, peptide-efflux ABC and holin systems (Fig. 1; Supplementary 
Table 1).
5.4.1 The major secretion pathway; Sec
The Sec translocase (Fig. 1) is the major system that mediates protein transfer across the cytoplasmic membrane 
in Gram-positive bacteria (for a review see Driessen & Nouwen, 2008 [37]). The translocase consists of a 
membrane-embedded protein-conducting channel (SecYEG) and an ATPase motor protein (SecA). The Sec 
translocase is usually associated with the heterotrimeric complex SecDF-YajC, which is involved in SecA 
activity regulation. The SecDF-YajC may also bind to the YidC protein, which is relevant for membrane 
insertion of integral membrane proteins [37]. All Lactobacillus genomes encode single copies of SecA, SecE, 
SecY, YajC, SecG and double copies of YidC (supplementary Table 1), while no genes encoding SecDF 
proteins could be found. In addition, all Lactobacillus genomes encode single copies of the components of the 
signal-recognition pathway, which is involved in targeting of precursor proteins to the Sec translocase, while the
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alternative signal-capturing pathways depending on SecB (or its functional analogue in B. subtilis CsaA) appear 
to be absent in all Lactobacillus genomes (supplementary Table 1).
All proteins targeted to the Sec translocase contain an N-terminal signal peptide, which typically consists of 
three regions: (i) the N region: a positively charged N-terminus; (ii) the H region: a stretch of 15-25 
hydrophobic residues; and (iii) the C region that may contain a signal peptidase cleavage site [37]. During or 
after translocation of the precursor protein across the cytoplasmic membrane, these signal peptides can be 
removed by signal peptidases (SPases). Type I SPase recognizes the canonical AxAA cleavage site [386], while 
Type II SPase recognizes the L-x-x-C or so-called lipobox cleavage site [110]. All Lactobacillus genomes 
encode a single type-II SPase, while the number of type-I SPases ranged from 1 (in most species) to 3 (in L. 
plantarum) (supplementary Table 1). This variable number of type-I SPases has also been encountered in other 
Gram-positive genera [386].
5.4.2 Holins
Holins [387] are small integral membrane proteins that are primarily involved in secretion of muralytic enzymes 
that lack a signal peptide and play a role in autolysis (Fig. 1). Holins are frequently encoded by bacteriophage 
genomes, but can also be found in Lactobacillus genomes. Identification of holins is hampered by their low 
sequence similarity, but, holins do share overall structural and functional features that are commonly conserved
[387]. Holins encoded within the Lactobacillus genomes were identified on basis of the following criteria: (i) 
size range of 60 to 150 amino acids; (ii) at least one, but less than four transmembrane segments; (iii) a 
hydrophilic N-terminus; (iv) a polar, charge-rich C-terminal domain; (v) reside in a gene context encoding cell- 
lysis associated proteins; (vi) display at least 50% sequence similarity to known holin sequences, and/or (vii) 
harbor a holin-family domain. These analyses revealed that holins are generally encoded by Lactobacillus 
genomes as a part of the cell lysis system, although in some Lactobacillus strains no holin could be identified 
using these criteria (supplementary Table 1).
5.4.3 Fimbrilin-protein exporters (FPE)
The FPE pathway (Fig. 1) is part of the competence development (Com) pathway, allowing exogenous DNA 
uptake across the bacterial cytoplasmic membrane [388]. The prepilin(-like) precursors involved in this process 
are proposed to be translocated via a cleavage event at the cytoplasmic side of the membrane by the prepilin- 
specific SPase or transmethylase ComC [388]. In B. subtilis the FPE system consists of seven comG genes 
(comGA-GG operon), and a genetically unlinked comC gene. These genes are involved in the assembly of the 
pilin-like structure involved in DNA recognition at the cell surface, including the export of the pre-pilins 
ComGC-GE and GG and the DNA-binding surface protein ComGF and the ComC mediated pre-pilin cleavage
[388].
All Lactobacillus genomes have single copies of the comGA-GC operon, and most species also have a comC 
homologue (all except L. delbrueckii and L. fermentum), suggesting that the major constituents of the FPE
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pathway are present in these lactobacilli. In addition, L. delbrueckii subsp. bulgaricus ATCC111842 appears to 
encode an additional ComGD pre-pilin, while L. delbrueckii subsp. bulgaricus ATCC BAA-365 and L. brevis 
ATCC367 encode an ComGF homolgue. Besides the FPE pathway, single copies of comE and comF genes, 
which are also involved in the DNA-uptake process [388], were also identified in all lactobacilli except L. 
delbrueckii subsp. bulgaricus ATCC BAA-365 (supplementary Table 1).
5.4.4 Peptide efflux ABC transporters
Specific ABC transporter (Fig. 1) subfamilies that are predominantly involved in export of antimicrobial peptide 
(e.g. lantibiotics, bacteriocins and competence peptides) [389], are capable of exporting proteinaceous substrates. 
For example, ABC exporters are responsible for bacteriocin secretion in L. acidophilus [390] and L. plantarum
[391]. Using the bacteriocin predictor BAGEL [61], we identified 3-12 putative bacteriocins in each 
Lactobacillus genome. Most of the genes encoding predicted bacteriocins appear to be genetically linked to 
genes encoding ABC exporters, supporting the notion that peptide export via ABC exporters can be commonly 
found in lactobacilli.
5.5 Lactobacillus exoproteome prediction
The term “secretome” has been used to encompass components of the translocation systems and their protein 
substrates [4]. However, in this review, we prefer to use the term “exoproteome” to only encompass the 
chromosomal gene products that are transported across the Lactobacillus cytoplasmic membrane, including 
molecules that become surface localized, are parts of surface appendages or are released into the environment
[392]. To enable a comprehensive overview of extracellular protein components of the lactobacilli, our 
exoproteome definition excludes integral membrane proteins with multiple membrane spanning regions (i.e., 
transport proteins, sensor kinases, etc.), although it is clear that this extensive group of Lactobacillus proteins 
may expose significantly-sized domains to the extracellular environment and play a key role in bacterial 
interaction with the environment.
Dedicated efforts to predict the secretome/exoproteome of individual Lactobacillus species have been reported 
before (e.g., L. plantarum WCFS1; Boekhorst et al., 2006a). To predict the subcellular location (SCL) for each 
of the proteins encoded by the lactobacilli (Table 1) the integrated SCL prediction pipeline provided by LocateP 
[56] was employed. To date, LocateP is the only SCL-pipeline that has successfully tackled the separation 
problem of the N-terminally anchored proteins and the truly secreted proteins (defined as proteins with a 
cleaved signal peptide that are released from the bacterial cell), by incorporating a novel HMM-based N- 
terminal anchor recognition system in the prediction pipeline that improved the accuracy of the differentiation of 
these two groups of proteins to approximately 90% [56].
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Table 1: Predicted num ber of extracellular proteins encoded by 13 Lactobacillus genomes. The subcellular location 
(SCL) of these proteins and the num ber of proteins with cell-wall anchoring (CWA) domains is predicted (including
Lactobacillus species and 
strains
Genome 
size (kbp)
Total Total SCL CWA
num ber
proteins
extracellular
proteins A B C D E F G H  I J  K  L M
L. acidophilus NCFM 1993 1862 214 5 10 41 54 93 12 14 1
L. brevis ATCC367 2291 2185 239 2 3 16 27 74 105 12 7 4 1 1
L. casei ATCC334 2895 2751 306 4 11 18 46 46 160 19 9 5 1 2
L. delbrueckii bulgaricus 
ATCC 11842 1865 1562 150 1 3 11 25 41 67 2 1 2
L. delbrueckii bulgaricus 
ATCC-BAA-365 1857 1721 167 1 6 15 22 42 80 2 1
L. ferm entum  IFO3956 2099 1843 128 1 10 1 13 32 66 5 1 6
L. gasseri ATCC33323 1894 1755 146 1 3 4 31 16 79 12 1 1 1
L. helveticus DPC4571 2081 1610 149 3 2 22 37 83 3 12 1 1
L. johnsonii NCC533 1993 1821 172 2 9 5 38 17 85 16 1 1 1
L. plantarum  WCFS1 3308 3007 313 6 10 10 47 57 149 27 21 11 1 5
L. reuteri DSM20016 2000 1900 117 10 5 14 31 80 5 8 8
L. sakei 23K 1885 1879 178 2 3 13 27 45 83 3 14 4 1
L. salivarius UCC118 1827 1717 172 4 3 11 17 32 101 3 4 7
SCL:
A : C-terminally anchored;
B : Secreted via minor pathways (bacteriocin-like) (no CS*); 
C : N-terminally anchored (with CS*);
D : Lipid-anchored;
E : Secreted (released) (with CS*);
F : N-terminally anchored (No CS*)
*CS: cleavage site
CWA:
G : LPxTG cell wall anchor 
H : choline binding domain 
I : S-Layer protein domain 
J  : WxL domain 
K : LysM domain 
L : PG-binding domain 
M : SH3 domain
The predicted Lactobacillus exoproteomes contained two main groups of proteins: the secreted proteins that are 
released from the bacterial cell and the surface-associated proteins. The latter group could be divided into 
several sub-categories based on different binding mechanisms: (i) proteins that are anchored in the cytoplasmic 
membrane via a single hydrophobic N- or C-terminal domain; (ii) lipid-anchored proteins (lipoproteins) that are 
N-terminally anchored to long-chain fatty acids of the membrane; (iii) proteins covalently anchored to the 
peptidoglycan via a C-terminal LPxTG motif; (iv) proteins non-covalently bound to the cell surface by various 
binding domains, or attached to other cell-wall protein(s) via protein-protein interactions (Fig. 1). Several of the 
cell-wall binding domains that have been described were searched in the Lactobacillus proteins (Table 1) that 
were predicted to be secreted according to LocateP (which already includes a search engine for LPxTG 
anchoring motifs).
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Figure 1: Schematic representation of the secretion systems and the final destination of the secreted proteins in 
Lactobacillus (Figure was adapted from Desvaux et al., 2009 [4]). The secreted proteins (colored blue) can be grouped by 
their subcellular location as: (i) lipid-anchored to the cytoplasmic membrane; (ii) attached to the cell wall either covalently 
(e.g. LPxTG proteins) or non-covalently (e.g. by exhibiting LysM, SLH or WXL domains/motifs); (iii) anchored to the 
cytoplasmic membrane via the N- or C- terminal transmembrane helix, (iv ) released into the extracellular medium via Sec, 
holin or ABC transporters; (v) being part of cell-surface appendages, such as the competence pseudo-pili (assembled via 
FPE). “SP” indicates that the proteins carry an N-terminal signal peptide and their route targeting to the cytoplasmic 
membrane is depicted as black arrows, whereas the proteins lacking such a signal peptide are routed by blue arrows. 
Secretion is depicted as red arrows and the integral membrane proteins (IMP) integration process is indicated by violet 
arrows.
5.6 Covalently anchored proteins
5.6.1 N- or C- terminally anchored proteins
The N-terminal signal peptides that target proteins to the Sec translocation pathway contain the characteristic N, 
H and C regions (see above). During or after completion of the Sec-dependent translocation process the C- 
region becomes exposed to the extra-cytoplasmic side of the membrane. Provided that the C-region contains a 
type-I or type-II SPase target sequence (see above), the signal peptide can be cleaved and the mature protein is 
then released. However, many of the C-regions of Sec-translocated proteins do not posses this cleavage motif 
(or contain a motif similar to the type-I motif that is not cleaved [56]) and will remain N-terminally anchored in 
the cell membrane. Many of the proteins that are predicted to be N-terminally anchored contain typical 
extracellular domains or functionalities and their location at the extracellular side of the cell membrane is highly 
plausible. In Lactobacillus genomes, the N-terminally anchored proteins constitute the largest group of 
membrane-anchored proteins (Table 1). These proteins are mainly involved in extracellular bio-processes such 
as transport, cell-envelope metabolism, competence, signal transduction and protein turnover (supplementary 
Table 2).
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In case a signal peptide C-region contains a typical type-I SPase cleavage site and is thus processed, it may still 
be anchored within the cytoplasmic membrane by a C-terminal transmembrane domain, thereby exposing the 
mature domain to the extracellular side of the membrane. Lactobacillus genomes encode a variable number of 
C-terminally anchored proteins, many of which have no known function (supplementary Table 2).
5.6.2 Lipoproteins
Lipoproteins are the second largest membrane-anchored group in the predicted Lactobacillus exoproteomes 
(Table 1). These proteins posses a signal peptide and are transported via the Sec pathway. The lipoprotein signal 
peptides also contain the characteristic N-, H- and C-domains, although the H region is shorter than in the type I 
signal peptides [110] and the C-region contains the lipobox motif (L-(A/S)-(A/G)-C) that directs them to the 
lipoprotein biogenesis machinery after transport [393]. The covalent binding of the lipoprotein is generally 
achieved via diacylglyceryl modification of the indispensable Cys-residue in the lipobox by the lipoprotein 
diacylglyceryl transferase. Following lipidation, cleavage occurs N-terminally of the Cys-residue by the type-II 
SPase, thereby anchoring the mature protein to the membrane via thioether linkage [393]. The 13-47 
lipoproteins predicted to be encoded by the Lactobacillus genomes mainly encompass the substrate-binding 
proteins of ABC transporters, but also some proteins that are involved in adhesion, antibiotic resistance, sensory 
processes, cell-envelope homeostasis and protein secretion, folding and translocation (supplementary Table 2).
5.6.3 LPxTG-anchored proteins
A well-studied family of proteins that is covalently attached to the peptidoglycan by the activity of the sortase 
(SrtA) enzyme, is characterized by the C-terminal LPxTG (based on the main conserved residues) cell wall- 
sorting motif [44, 217]. LPxTG-containing proteins typically contain a N-terminal signal sequence that contains 
a type-I SPase cleavage site in its C-region. The LPxTG motif is located in the C-terminal region of the mature 
domain and is followed by a C-terminal membrane anchor domain, consisting of a stretch of hydrophobic 
residues and a positively charged tail [217]. The sortase enzyme (SrtA) is a transpeptidase that recognizes the 
LPxTG motif, cleaves the motif between the T and G residues and covalently attaches the threonine carboxyl 
group to the peptidoglycan [217]. The Lactobacillus genomes encode a single copy of the sortase (SrtA), and a 
variable number of LPxTG-motif containing proteins, ranging from two proteins in L. delbrueckii bulgaricus 
ATCC-BAA-365 and ATCC 11842 and to 27 proteins in L. plantarum WCFS1 (Table 1; supplementary Table 
2). Although there is some species-specific variation in the amino acids of the LPxTG motifs [44], most of the 
sortase substrates could be readily detected in the Lactobacillus genomes using the HMM from Boekhorst et al. 
and have the conserved composition of the motif (supplementary Table 2).
5.7 Non-covalent cell-wall binding domain detection
Domains that have been described to be involved in cell-wall binding were searched using the Pfam database 
(http://pfam.sanger.ac.uk/) and the protein sequences identified in this way were manually inspected to verify 
their accurate detection.
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5.7.1 LysM domains
The LysM (lysin motif) domain (Pfam PF01476) has been found in many extracellular enzymes that are 
involved in bacterial cell-wall metabolism, and is suggested to confer general peptidoglycan binding function 
[394]. In all Lactobacillus genomes studied here, extracellular proteins were found that contain at least one 
LysM domain and almost all of these proteins perform cell-wall related enzymatic functions, in agreement with 
the proposed role of LysM in peptidoglycan binding (Table 1).
5.7.2 Choline-binding domains
The Choline-binding domains (Pfam PF01473) are a stretch of 20 amino acids which include multiple conserved 
tandem copies of aromatic residues and glycines. They are mainly found in extracellular enzymes such as 
autolysins and muramidases, and are able to bind to choline residues of cell-wall teichoic and lipoteichoic acids, 
thereby anchoring the protein to the cell surface [395]. In Lactobacillus, these choline-binding domains appear 
to be present only in L. reuteri, L. fermentum and L. salivarius (Table 1).
5.7.3 Putative peptidoglycan-binding domains
Another peptidoglycan-binding domain is composed of three alpha-helices located at the N- or C-terminus of 
cell-wall degrading enzymes (Pfam PF01471). A single extracellular protein containing this domain was found 
in L. plantarum, L. johnsonii, L .casei, L. brevis, L. helveticus, and L. gasseri (Table 1)
5.7.4 S-layer proteins with SLH domains
S-layer proteins can form a paracrystalline monolayer that coats the surface of bacteria, and are believed to be 
relevant to cell-wall polysaccharide pyruvylation [173, 396]. In recent years, a number of S-layer proteins have 
been experimentally identified in L. acidophilus (especially the major S-layer protein SlpA), L. helveticus and L. 
brevis [309, 396-398]. The Pfam database contains different HMMs that correspond to S-layer protein domains 
responsible for non-covalent anchoring to the cell wall (SLAP or PF03217, SLH or PF00395, S_layer_C or 
PF05124 and S_layer_N or PF05123). Several putative S-layer proteins were found in the genomes of L. 
acidophilus (14 proteins) and L. helveticus (12 proteins), while a single protein was identified in L. delbrueckii 
subsp. bulgaricus ATCC 11842, but not in L. delbrueckii subsp. bulgaricus ATCC-BAA-365 using Pfam and 
homology searches (Table 1).
5.7.5 WxL domains
The C-terminal cell-wall binding domain designated WxL was first identified in proteins of Lactobacillus and 
other LAB based on in silico analysis [317, 399]. WxL domain containing proteins were encountered in gene 
clusters that also encode additional extracellular proteins with C-terminal membrane anchors and LPxTG-type 
peptidoglycan anchors, suggesting that they form an extracellular protein complex [317, 400]. Recently, this
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domain has been proven to be responsible for non-covalent interactions between certain extracellular proteins 
and the bacterial cell wall in E. faecalis [400]. In the Lactobacillus exoproteomes, in total 51 proteins containing 
a WxL domain were identified, supporting an interaction of these proteins with the peptidoglycan layer via their 
protein C-terminus [401] (Table 1).
5.7.6 SH3 domains
The prokaryotic counterparts (SH3b) of the eukaryotic SH3 domains have been proposed to be involved in 
targeting and binding to the peptidoglycan layer and are thought to recognize specific sequences within the 
cross-linking peptide bridges [402-404]. Searching the Lactobacillus genomes for these SH3b domains 
identified several proteins in some lactobacilli (Table 1). These proteins appear to function predominantly in 
cell-wall turn-over.
5.8 Comparative exoproteomics of Lactobacillus
In total, 2451 putative extracellular proteins of 13 Lactobacillus genomes were extracted from the LocateP- 
generated database (Table 1, details in Supplementary Table 2). The largest predicted exoproteomes are found in 
L. casei (306 proteins) and L. plantarum (313 proteins), and represent 11.1 and 10.4 % of all proteins encoded in 
these genomes, respectively. The smallest exoproteomes were predicted for L. fermentum (128 proteins; 6.9%) 
and L. reuteri (117 proteins, 6.1 %). The most frequently found subcellular localizations of proteins in these 
predicted exoproteomes are N-terminal anchoring and secreted proteins, while the smallest category is the C- 
terminally anchored proteins (Table 1). On average, the functions of up to 60% of these extracellular proteins 
are unknown. The proteins with known (putative) function are mostly involved in processes related to cell- 
envelope metabolism, cell division, transport, competence, signal transduction, protein turnover, EPS 
biosynthesis, secretion, signaling/regulation, and extracellular enzymatic or binding functions.
Clustering of all proteins from 12 genomes of nonpathogenic lactic acid bacteria from the order Lactobacillales 
(including 15,119 proteins from 6 completed Lactobacillus genomes) using the method of clusters of 
orthologous groups of proteins (COGs), resulted in 3465 Lactobacillales-specific orthologous protein clusters 
(LaCOGs) [289, 307]. These LaCOGs included 1335 putative secreted proteins from Lactobacillus, distributed 
over 338 orthology clusters. We have recently extended these existing LaCOGs with the exoproteomes of 18 
newly published LAB genomes (including seven new Lactobacillus genomes) using BLASTP [209], Inparanoid 
[210] and in-house protein clustering algorithms (Zhou et al, in press, Chapter 4)*, and stored all information in 
the LAB-Exoproteoome database (http://www.cmbi.ru.nl/lab_exoproteome/). Here we restrict our analysis to 
the LaCOG information relevant for the predicted Lactobacillus exoproteomes (see also supplementary Table 2, 
and 3).
The predicted exoproteins in lactobacilli were clustered into the 338 LaCOGs, placing approximately 76 % of 
the total exoproteome into these orthologous groups. In most of the clusters, the majority of the member proteins 
have identical predicted subcellular location and similar functionalities (including 209 LaCOGs of conserved
*:In the published version of C hapter 4, the database name and the URL have been changed from “exoproteome” 
into “secretome” due to definition adjustm ent of our targeted proteins.
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hypothetical proteins). Clusters with known functions are mainly involved in typical cell-wall or surface 
associated functionalities (see also above) (supplementary Table 3). A total of 28 orthologous groups were 
found to be conserved in all Lactobacillus genomes, and include e.g., the house-keeping protease HtrA 
(LaCOG01440), and proteins involved in cell-wall biosynthesis (LaCOG00243, penicillin binding protein [PBP] 
2B), cell division (LaC0G01506, cell-shape determining protein MreC) and competence (LaC0G00097, DNA- 
entry nuclease) (supplementary Table 2, and 3).
Conserved clusters represented within the majority of the Lactobacillus genomes consist of extracellular 
enzymes, such as carboxy-terminal proteinase (LaC0G01825), ATP synthase (LaC0G01172), Zn-dependent 
protease (LaCOG01979) and linoleic acid isomerase (LaCOG00663). Moreover, multiple homologous proteins 
from one genome are found in some of these LaCOGs, such as the 4 different members of the cell-wall 
proteinase Prt family (LaCOG 90024) in L. casei, and the 4 paralogous genes for cell-surface hydrolases 
(LaC0G01138) in L. plantarum. These distributions of LaCOG representative proteins provide important 
handles to understand the molecular evolution, diversity, function and adaptation of the lactobacilli to specific 
environments. An example is provided by the LaCOG distribution of the mucus-binding proteins in 
Lactobacillus genomes. In total, 47 proteins with mucus-binding domain(s) were found in the exoproteomes of 6 
Lactobacillus genomes, distributed over 6 separate LaCOGs. The largest cluster, LaCOG 01470, contains 14 
proteins that possess either the MucBP (Pfam PF06458) domain or the recently defined extended mucus-binding 
domain MUB [317], or both domains. LaC0G00885 contains proteins that have only MucBP domains. In 
LaCOG 01470, most proteins contain a YSIRK signal peptide in their N-terminus, which is a typical 
characteristic of the gut L. acidophilus group lactobacilli [317, 340]. The mucus-binding proteins in group 
LaCOG00885 contain no YSIRK signal peptide, and the cluster contains only proteins from the typical plant 
lactobacilli L. plantarum and L. brevis (Fig. 2).
5.9 Lactobacillus cell-wall molecular biology
The Lactobacillus exoproteomes contain a variety of proteins that are proposed to be anchored (covalently or 
non-covalently) to the basic components of the bacterial cell wall, like peptidoglycan, teichoic acid or 
polysaccharide (see above).
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Figure 2: The different architectures of some Lactobacillus mucus-binding proteins (distributed in two 
LaCOGs).
5.9.1 Proteins binding to peptidoglvcan
Peptidoglycan (PG) is continuously remodeled during growth by the action of a variety PG hydrolases (PGH). 
These enzymes are involved in separation of daughter cells, PG turnover, and autolysis in stationary phase. They 
are also involved in many other processes such as adhesion, biofilm formation, resuscitation of dormant cells or 
allolysis in genetic transformation (for a recent review, see [405]). Through autolysis in the host and cell wall 
turnover, lactobacilli could release muramyl-peptides that are known to interact with receptors of the immune 
system (see above). For instance, muramyl-peptides from L. plantarum ATCC8014 display immunoadjuvant 
activity, but the in vivo role of PG fragments of lactobacilli remains largely unexplored [406]. In silico analysis
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of the PGH content of lactobacilli shows that besides low molecular weight PBPs (carboxypeptidases) that are 
mainly involved in PG maturation, they display a variety of PGH, from 14 members in L. acidophilus to 26 in L. 
reuteri [407]. These PGH are distributed in four classes: JV-acetyl-glucosaminidases/-muramidases and lytic 
transglycosylases hydrolyzing the glycan strands; V-acetylmuramoyl-L-alanine amidases separating the stem 
peptides from the glycan strands; and endopeptidases of the NLPC/P60 or CHAP families hydrolyzing a range 
of bonds of the cross-linked stem peptides [407, 408]. A more detailed examination of the PGH complement (16 
genes) of L. plantarum WCFS1 revealed a high level of redundancy in lytic transglycosylases (6 members), 
glucosaminidases/muramidases (5 members) and NLPC/P60 endopeptidases (4 members), while a single L- 
alanine amidase is present (Table 2). Redundancy in these three classes is a general feature in lactobacilli, with 
some variations such as an overrepresentation of lytic transglycosylases in L. plantarum and endopeptidases in 
L. reuteri. A recent systematic inactivation of 9 PGHs of L. plantarum WCFS1 shows that the inactivation of 
only two (lp_2645 (acm2) glucosaminidase/muramidase and lp_3421 endopeptidase) has a significant impact on 
cell morphology (T. Rolain, unpublished data). These two PGH and the endopeptidase lp_2162 were recently 
identified as cell-wall associated proteins of L. plantarum by a proteomic approach, reinforcing their functional 
role in this species [409]. Remarkably, 12 out of 16 PGH of L. plantarum display a modular organization, where 
the catalytic domain is associated to a PG-binding domain (1 to 5 SH3 motifs or 1 to 2 LysM motifs) and 
systematically to a domain rich in alanine, serine and threonine (AST motif) (Table 2). This last domain is 
suspected to be glycosylated but its functional role is unexplored. The modular organization of PGH in 
lactobacilli is a general feature, since at least 7 types of domains in addition to LysM and SH3 have been 
identified (for a recent review, see Layec et al., 2008 [407]). In addition to cell-wall binding and targeting PGH 
to their site of action, these domains could fulfill other biological functions such as adhesion by binding to 
receptors on eukaryotic cells [405, 407]. Besides the functional role of Acm2 from L. plantarum WCFS1 in cell 
separation [410] and the endopeptidase activity of the S-layer protein of L. acidophilus ATCC4356 [312], this 
important class of exoenzymes is poorly characterized in lactobacilli.
To conclude, the endogenous capacity to release muramyl-peptides among lactobacilli is most likely important 
in host-microbe interactions and adaptation to the ecological niche. Future work aiming to modulate the PG 
structure and/or the content of PGH could help to better understand these important roles.
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Table 2. In silico analysis of the peptidoglycan hydrolase (PGH) content in L. plantarum  WCFS1
Gene Family Size (aa) SS CBD AST domain LaCOG
acm2 (lp 2645) Glucoaminidase/muramidase 785 +$ 5 SH3 +
lp_3093 860 + 5 SH3 +
acm3 (N-M-C)* 612 + 3 SH3 +
acmi (lp_1138) 213 + - - 00918
lys (lp_1158) 258 + - - 01725
lytH  (lp_1982) L-Ala amidase 282 + 1 SH3 - 01848
lp_3421 Endopeptidase Nlpc/P60 370 +$ 1 LysM + 90015
lp_2162 496 +$ 2 LysM + 90015
lp_2520 297 + - - 00646
lp_1242 243 + - -
lp_0302 Lytic transglycosylase 267 + 1 LysM + 01094
lp_3014 204 + 1 LysM + 01094
lp_3015 220 + 1 LysM + 01094
lp_0304 Lytic transglycosylase (WY domain) 212 + 1 LysM + 01589
lp_2845 314 + 1 LysM + 01589
lp_2847 354 + 1 LysM + 01589
*pseudogene in three fragments (N-M-C).
$shown as cell-wall associated [409].
+, presence; -, absence; SS, signal sequence; CBD, cell-wall biding domain; AST domain; domain rich in 
alanine, serine, and threonine, putatively glycosylated.
5.10 Lactobacilli adhesion to mucus and host mucosa
Several biological barriers are met by bacteria during residence in and travel through the different parts of the 
host’s GI-tract, such as gastric acidity encountered in the stomach, bile salt and digestive enzyme challenges in 
the duodenum, a relatively high osmolarity in the colon, as well as stress conditions associated with oxygen 
gradients that are steep at the mucosal surface, while the colonic lumen is virtually anoxic.
In order to survive and/or persistent the in situ environmental stress during their passage through the intestinal 
tract lactobacilli appear to modify the different macromolecules that constitute the cell envelope, thereby 
contributing to the maintenance of cell integrity [269]. Moreover, what has been considered essential for 
probiotics is the capacity of lactobacilli to adhere to mucosal surfaces and/or tissues. Therefore, a variety of 
studies has specifically addressed the LAB extracellular adhesins and their contribution in direct microbial 
interactions with host cells or compounds.
Genome mining for candidate extracellular adhesins encoded by L. acidophilus led to the identification of five 
proteins potentially involved in adhesion to epithelial cells [310]. Mutant studies confirmed the involvement in 
adhesion to Caco2-cells in vitro, for three of the five proteins selected (Mub, FbpA, SlpA) [310]. The authors 
argue that the observed phenotype of the L. acidophilus slpA (encoding surface layer protein) mutant is likely 
due to the loss of multiple surface proteins that may be embedded in the S-layer, whereas the contributions of 
Mub and FbpA (encoding a mucin-binding, and fibronectin-binding protein, respectively) to adhesion are more
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likely to be via a specific interaction with epithelial cells. Nevertheless, a similar role in adhesion to intestinal 
epithelial cells could be established for the S-layer proteins in L. brevis [411], L. crispatus [412, 413] and L. 
helveticus [414], whereas the L. brevis SlpA protein also mediates adhesion to extracellular matrices such as 
fibronectin (Hynonen et al., 2002). These variations to a theme surrounding the surface layer proteins of 
lactobacilli, including variations in surface layer associated protein domains (see also above) supports a relevant 
role for these proteins in the interaction with the host environment. Such a role in immune cell recognition was 
recently exemplified for the L. acidophilus SlpA (see below).
A homologue of the L. acidophilus Mub protein described above, with 25% identity on the amino acid level, is 
present in L. reuteri 1063 [283]. The proteins are of similar size and contain a similar number of mucus-binding 
domains (MucBP domain; 17 and 14 domains, respectively). Interestingly, intact L. reuteri cells can adhere to 
pig and hen mucus. A direct role for Mub protein in mucin binding was shown using purified fusion proteins 
consisting of maltose binding protein fused to various MucBP domain-containing repeats [283]. Another 
adhesin identified in L. reuteri (strain NCIB11951) is the collagen-binding protein (CnBP) which can adhere to 
solubilized type I collagen [415]. Notably, CnBP has sequence similarities to the solute-binding domain of 
bacterial ABC transporters, a domain also found in the mucus adhesion-promoting protein (MapA) which was 
reported to mediate the binding of L. reuteri 104R to Caco-2 cells and mucus [416]. The Mub proteins of L. 
acidophilus and L. reuteri mentioned above contain all the required elements for sortase-dependent anchoring to 
the cell wall (see also above). The L. salivarius UCC118 genome was predicted to encode 10 sortase-dependent 
extracellular proteins, and 3 of the encoding genes were shown to be expressed in vitro [89](Table 1). Mutation 
of either the IspA or the sortase-encoding srtA gene in L. salivarius significantly reduced the capacity to bind to 
HT-29 cells, whereas lspC and lspD mutants adhered at similar levels as the wild-type strain. Remarkably, lspA 
encodes a protein containing 7 MucBP domains [89], and this repeated domain structure appears to be a feature 
shared by many extracellular proteins that contain MUB or MucBP domains (Figure 2). The broad distribution 
of MUB- or MucBP-domain containing proteins suggests that they may play a conserved role in intestinal 
adhesion in many lactobacilli, which is corroborated by their relative enrichment in species that are associated 
with the intestinal niche (Figure 2). However, it remains to be seen whether the commonly used in vitro cell line 
models accurately mimic the actual in vivo situation, where host defense systems, competition with the resident 
microbiota, mucosal shedding, and peristaltic flow are likely to modify adhesion [269]. Notably in this respect, 
sortase-deficient mutants of both L. plantarum [382, 417] and L. johnsonii [418] display a wild-type persistence 
phenotype in the intestinal tract of mice. These data further emphasize the importance of experiments that would 
allow translation of the in vitro adhesion data obtained so far to the actual in situ situation in the gastrointestinal 
tract. A clear example for such translation experiments was recently presented for the L. rhamnosus GG pilin- 
like structures [383](see also above). In view of the annotation of Lactobacillus exoproteomes and prediction of 
adherence capacities for individual proteins, it is important to note that the nomenclature of the binding domains 
mentioned above is debatable, since their assignments have been primarily based on binding-ligands present in 
the in vitro assay in which they were tested. The actual substrate-specificity of the mucus-, fibronectin-, 
collagen- etc. binding domains remains to be established, and they may turn out to recognize specific features 
(e.g. attached glycosyl-residues or other molecular features) present in the currently assigned substrates rather 
than particular features of the specific proteins per se.
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It is indicated that the probiotics play a strong role for immunomodulation and enhancement of the epithelial 
barrier functions by priming dendritic cells (DCs) to stimulate differentiation of IL-10 producing regulatory T- 
cells [270, 419-421]. Though the precise molecular mechanisms is yet unclear, recent studies have pointed out 
that the extracellular proteins of certain Lactobacilli stains are esessial in the process of modulation. For 
example, in Lactobacillus casei the cell wall associated polysaccharide PS-1 was found capable of immune 
response suppression of macrophages and monocytes [422]. In Lactobacillusplantarum WCFS1, Meijerink and 
collegues have identified 8 genes that influence the immune response, by a “gene-trait matching” approach 
comparing 42 Lactobacillus plantarum stains [423]. Six of these identified genes were located in operons linked 
to bacteriocin production or secretion, deletion experiments showed that these genes could induce significant 
effect on cytokine production, indicating that the bacteriocin secreted by Lactobacillus plantarum might 
immunomodulatoryly affects the DC response, similar to the immune modulation induced by certain human 
antimicrobial peptides[424, 425].
Moreover, a S-layer protein A (slpA) mutant in L. acidophilus, which was known to have a decreased capacity 
to adhere to Caco-2 cells [310], also displayed reduced binding to DC-specific intercellular adhesion molecule 
3-grabbing nonintegrin (DC-SIGN) and consequently led to a more proinflammatory cytokine profile [313].
Interestingly, the ConA (recognizing mannose) and AAL (specific for a6 fucose) lectins can bind purified SlpA, 
and since mannose and fucose are the glycans recognized by DC-SIGN, these preliminary results have triggered 
the authors to further investigate the carbohydrate moieties present on different S layer proteins [313]. As 
already concluded above (see section on non-covalent anchoring motifs) only few lactobacilli produce S-layer 
proteins, implying that species that lack Slp proteins interact with DC-SIGN via an alternative ligand. To this 
end, gene-trait matching approach enabled the identification of a candidate DC-SIGN ligand (Dsl) in L. 
plantarum [378]. Dsl is predicted to be a C-terminally anchored extracellular protein, rich in threonine and 
serine residues. Because it is clear that bacteria can form protein-attached O-glycans via threonine and/or serine 
residues, and N-glycans via asparagine residues [426-429], the overrepresentation of these amino acids in Dsl 
may suggest that this protein could be O-glycosylated, which may be involved in the postulated DC-SIGN 
recognition as suggested by (Remus D, Meijerink M, Wells JM, Marco ML, Bron PA, & Kleerebezem M, 
unpublished data).
Notably, in the gram-negative human pathogen Neisseria gonorrhoeae the subcellular location of the pgl gene 
cluster, which is responsible for glycosylation, is predicted to be periplasmic and they encompass diverse 
functions involved in protein folding, disulfide bond formation, and respiration [430-433]. Moreover, in 
Bacteroides fragilis [434] 8 identified glycoproteins were as well predicted to located in the periplasm or the 
outer membrane with functionalities particularly related to these compartments [434].
Concerning the fact that many lactobacilli encode the capacity to produce several nucleotide sugars, including 
UDP-glucose, UDP-galactose, UDP-GlcNaC, sialic acid and dTDP-rhamnose, and L. salivarius encodes a locus
5.11 Lactobacilli extracellular proteins in immune system modulation
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(RLSL00992-995) homologous with the pglFED region of Campylobacter jejuni which produces the modified 
monosaccharide di-N-acetylbacillosamine, it is possible that lactobacilli posses machineries synthesizing lipid- 
linked oligosaccharides that mechanistically resembles the general glycosylation systems. Especially eight of the 
complete Lactobacillus genomes in the ERGO database harbor at least one homolog of PglC, indicating their 
potential capacity to attach modified monosaccharides to a lipid carrier on the cytosolic side of the cell 
membrane.
Overall, the predicted exoproteome in lactobacilli may not be a status fixus and proteins could be modified 
further by different post-production processes.
5.12 Concluding rem arks
The lactobacilli form a heterogeneous group of bacteria that display considerable variation both in terms of 
molecular characteristics as well as their preferred natural habitats. This variation definitely also includes 
variation of bacterial cell surface properties that are probably very important for the functioning of these 
bacteria, especially in relation to communication with their environment, including the communication with diet 
and host-derived factors encountered in the gastrointestinal tract. Although genomics has contributed to our 
understanding of the extracellular biology of the members of this genus, many of the proteins that are targeted to 
the extracellular subcellular location in lactobacilli lack a functional annotation and in many cases their 
sequence analysis does not proceed beyond the detection of specific domains, illustrating our limited 
understanding of the functional properties that lactobacilli can expose to their environment. Accurate (and 
consistent) predictions of the exoproteomes of lactobacilli on basis of their genome sequence, combined with 
domain detection and comparative analysis among strains and species, and (high-throughput) functional 
analyses will be essential to increase our understanding of this subcategory of Lactobacillus functions.
The post-genomics era has strongly stimulated the identification of candidate effector molecules of lactobacilli 
that are proposed to be involved in conferring a health benefit to the host via interactions with the intestinal 
system, including direct interactions with host epithelial or immune cells. Notably, many of these candidate 
effector molecules are extracellular, including both proteinaceous factors as well as components of the cell-wall 
itself [270]. However, our understanding of the molecular mode of action of host-Lactobacillus interactions is 
still in its infancy, as is illustrated by the very small number of truly validated effector molecules identified to 
date. Moreover, the suggestion that lactobacilli may produce extracellular proteins that are decorated with sugar 
moieties through glycosylation is highly intriguing, especially with regard to the predominance of host-receptors 
that recognize glycan moieties. In view of the complexity of the host-cell signaling and response-regulation 
pathways, it does not seem plausible that single Lactobacillus molecules drive the entire host response. These 
effector molecules should be seen within a ‘background’ of molecular properties that includes a potentially 
crucial role for the basic building blocks of the Lactobacillus cell wall [435]. Expansion of the candidate 
effector molecule repertoire and their validation in vivo will be essential to specify the molecular mechanisms 
that underlie the physiological benefits associated with the consumption of these bacteria. In addition, such 
knowledge would strengthen the concept of strain-specificity of probiotics and would contribute to the
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development of advanced procedures and criteria for product quality control and/or selection of novel probiotic 
strains. Identification and validation of health-benefit effector molecules could facilitate research programs that 
aim to obtain improved probiotic strains with enhanced health benefits, either through targeted genetic 
engineering or through screening or adaptive evolution under selective conditions that stimulate an increase in 
the relevant function.
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6.1 Abstract
6.1.1 Background
Anaerobic ammonium-oxidizing (anammox) bacteria perform a key step in global nitrogen cycling. These 
bacteria make use of an organelle to oxidize ammonia anaerobically to nitrogen (N2) and so contribute ~50% of 
the nitrogen in the atmosphere. It is currently unknown which proteins constitute the organellar proteome and 
how anammox bacteria are able to specifically target organellar and cell-envelope proteins to their correct final 
destinations. Experimental approaches are complicated by the absence of pure cultures and genetic accessibility. 
However, the genome of the anammox bacterium Candidatus “Kuenenia stuttgartiensis" has recently been 
sequenced. Here, we make use of these genome data to predict the organellar sub-proteome and address the 
molecular basis of protein sorting in anammox bacteria.
6.1.2 Results
Two training sets representing organellar (30 proteins) and cell envelope (59 proteins) proteins were constructed 
based on previous experimental evidence and comparative genomics. Random forest (RF) classifiers trained on 
these two sets could differentiate between organellar and cell envelope proteins with ~89% accuracy using 400 
features consisting of frequencies of two adjacent amino acid combinations. A physicochemically distinct 
organellar sub-proteome containing 562 proteins was predicted with the best RF classifier. This set included 
almost all catabolic and respiratory factors encoded in the genome. Apparently, the cytoplasmic membrane 
performs no catabolic functions. We predict that the Tat-translocation system is located exclusively in the 
organellar membrane, whereas the Sec-translocation system is located on both the organellar and cytoplasmic 
membranes. Canonical signal peptides were predicted and validated experimentally, but a specific (N- or C- 
terminal) signal that could be used for protein targeting to the organelle remained elusive.
6.1.3 Conclusions
A physicochemically distinct organellar sub-proteome was predicted from the genome of the anammox 
bacterium K. stuttgartiensis. This result provides strong in silico support for the existing experimental evidence 
for the existence of an organelle in this bacterium, and is an important step forward in unravelling a 
geochemically relevant case of cytoplasmic differentiation in bacteria. The predicted dual location of the Sec- 
translocation system and the apparent absence of a specific N- or C-terminal signal in the organellar proteins 
suggests that additional chaperones may be necessary that act on an as-yet unknown property of the targeted 
proteins.
A predicted physicochemically distinct sub-proteome associated with the intracellular
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6.2 Background
Anaerobic ammonium-oxidizing (anammox) bacteria convert ammonium and nitrite into nitrogen and are major 
players in the biogeochemical nitrogen cycle [436-439]. They comprise a monophyletic taxon within the 
Planctomycetes phylum. Like other Planctomycetes, they possess an unusual cellular architecture with a diderm 
cell envelope and a compartmentalized cytoplasm [440, 441]. More specifically, the cells of anammox bacteria 
contain a single organelle-like intracytoplasmic compartment bounded by a single bilayer membrane. This 
compartment is known as the anammoxosome, and was proposed to be the site at which the anammox reaction 
takes place [442]. This reaction is thought to be performed mainly by cytochrome c enzymes [443]. Within 
anammox cells, such enzymes have been shown to be present exclusively inside the anammoxosome [444, 445].
If indeed the anammoxosome is a separate compartment in which a distinct and substantial part of the proteome 
is localized, this would present a situation unique to bacteria. In a thorough electron tomographical study it was 
reported that, unlike for example the magnetosomes of magnetotactic bacteria [446] and the chlorosomes of 
green photosynthetic bacteria [447], the anammoxosome has no detectable membrane links with the cell 
envelope during its biogenesis [448]. Furthermore, anammoxosomes divide separately from the cell envelope 
during cell division [449].
This leads to two questions regarding the cell biology of anammox bacteria: Firstly, which proteins are targeted 
to the anammoxosome besides the cytochrome c enzymes? Secondly, by what mechanism are these proteins 
specifically targeted to the anammoxosome?
One possible answer to the second question is that anammoxosomal proteins might contain specific sorting 
signals such as targeting motifs, domains or signal peptides [450-454]. For example, in Salmonella, several 
effectors were reported to contain multifunctional motifs or domains that are responsible for translocation and 
localization of the effector traits [455]. Moreover, some cases have recently been discovered in which 
modulation of Sec-signal peptide sequences result in different protein localizations [456, 457]. Most strikingly, 
in cyanobacteria, signal peptides from proteins targeted to the thylakoid differ from signal peptides of proteins 
targeted to the cell envelope [458-460].
Progress in the experimental investigation of the cell biology of anammox bacteria is slow because these 
bacteria grow exceptionally slowly (with a doubling time of two weeks), and are not available in pure culture. 
However, the genome of the anammox bacterium Candidatus “Kuenenia stuttgartiensis" was recently 
assembled from a community genome [443].
Using these genome sequence data, it might be possible to answer the first question. Interestingly, it has been 
shown experimentally that the anammoxosome may be more acidic than both the cytoplasm and the cell 
envelope [461]. We reasoned that such a physicochemical difference could be reflected in the amino acid 
composition of the anammoxosomal sub-proteome [462], and that this difference could be used to predict this 
sub-proteome in silico. Therefore, a Random forest (RF) classifier was trained on two sets of anammoxosomal
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(set A) and cell-envelope (set P) protein sequences, constructed based on existing experimental evidence and 
comparative genomics. The best RF classifier was successful at predicting the targeting of proteins to the 
anammoxosome. This approach was complemented by the analysis of the encoded protein translocation 
machinery. Finally, the predicted signal peptides of the two sub-proteomes were analyzed and compared to 
unravel the molecular basis of protein sorting in anammox bacteria.
6.3 Results
6.3.1 Construction of training sets
We constructed two sets of amino acid sequences from soluble proteins with functions that were known to be 
specific to either the anammoxosome or the cell envelope (Additional file 1: sheet S1). The anammoxosomal set 
(termed ‘set A ’) contained the sequences of 30 proteins, including the 26 most highly expressed cytochrome c 
proteins of K. stuttgartiensis [443, 445] and 4 orthologues of these proteins from another anammox bacterium, 
Candidatus “Scalindua marina" (data kindly provided by M. Jetten and M. Kuypers). The cell-envelope set 
(termed ‘set P’) contained the sequences of 59 proteins that were homologous to proteins with an experimentally 
validated function specific for the periplasm, cell envelope, or extracellular environment. All proteins of both 
sets contained a predicted N-terminal signal peptide that can putatively be recognized by the Sec translocon. 
TatFind [463] and PilFind [464] predicted no Tat-system or Type IV system-secreted proteins in these two sets.
6.3.2 Training of the Random forest classifier
To detect the overall compositional differences between the anammoxosomal and cell-envelope protein sets, we 
constructed Random forest (RF) classifiers based on amino acid composition, using set A and set P as the 
training sets. Among commonly used analytical machine-learning techniques [244, 465-469], the RF algorithm 
has shown its power in classifying proteins based on noisy amino acid composition [470-474]. To balance class 
sizes of sets A and P, set P was first randomized into two sets (P1 and P2) to arrive at three equally sized protein 
sets (see Material and Methods).
In total 3000 three-set (A, P1, P2) RF classifiers were trained, based on different combinations of single or two 
adjacent amino acids frequencies (average out-of-bag (OOB) error 24.4% with standard deviation of 9.7%). The 
best-performing RF model for discriminating set A from set P was selected based on the highest accuracy (89%) 
and the best anammoxosomal protein (set A) recall (90%). This RF model had been made using two-adjacent- 
amino-acids combination frequencies from full-length protein sequences as the input (Figure 1). The top 10 
most important adjacent amino acid residue combinations associated with the recognition of set A were GP, TS, 
ID, YS, TF, LD, YG, IG, GN and IT. The highest accuracy of RFs trained on other types of input data (with 
single amino acid frequencies or with other regions of the protein sequences, e.g. signal peptides) ranged from 
~75% to 84%, and the recall of anammoxosomal protein sequences ranged from 60% to 83%, respectively 
(Figure 1). No tests on combinations of more than two amino acids were attempted because this required 
prohibitively long computation time. During the training process, the RF algorithm chose the most
A predicted physicochemically distinct sub-proteome associated with the intracellular
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representative features of each class by random bagging with overlaps, which is similar to jack-knife cross 
validations. Within the training process, RF accurately determines classification error-rate (out-of-bag errors; 
OOB error) [474-476]. These OOB errors were used as a non-biased indicator of the performance of the 
classifiers.
Best RF model selection
fu ll-2aa fu ll-1 as mature- mature- s p - la a  sp -2aa  
133 2aa
T h e  b e a t  p e r fo rm  ing  m Dde I o f  it a k in d
Figure 1: Perform ance comparison of the RF model trained on different types of input data. 500 RF models with 
randomly generated P1 and P2 sets, to correct for class A and P inbalance, were trained on each of the following 6 types of 
data: the full-length amino acid sequences, the signal peptides (SP) and the mature protein amino acid sequences, each 
analyzed with either the residue frequency of single amino acids or the frequency of 2 adjacent amino acids. When the 6 top- 
performing models of each input type are compared, the model trained with full-length protein sequences with the 2 adjacent 
amino acids combination shows the highest overall accuracy (89%) and A protein recall (90%).
6.3.3 Identification of translocated and membrane proteins
All translocated proteins and membrane proteins encoded in the genome of K. stuttgartiensis were classified 
based on the predicted presence of transmembrane helices and/or signal peptides. Prediction of signal peptides 
was not straightforward because anammox bacteria are evolutionarily only distantly related to proteins of those 
organisms that were used to train the predictors (e.g. Proteobacteria or Gram-positive bacteria). For this reason, 
15 different available signal-peptide prediction algorithms were applied to the open-reading frames predicted for 
the K. stuttgartiensis genome (Figure 2). Positive predictions were combined into a single majority vote decision 
for each protein. Among 4663 open-reading frames, 594 membrane proteins and 344 translocated soluble 
proteins with signal peptides were predicted (Additional file 1: sheet S2). Nine of the signal-peptide carrying 
proteins were predicted to be Tat-translocated by TatFind, and ten proteins were predicted to be secreted by the 
Type IV secretion system by PilFind.
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Figure 2: Signal peptide predictions on the whole proteome of K. stuttgartiensis. Signal peptide predictions on the whole 
proteome (4663 proteins) of K. stuttgartiensis by fifteen signal peptide prediction algorithms. The j-axis shows the number 
of proteins predicted to carry a signal peptide. Abbreviations: G+: predict option of Gram-positive; G-: predict option of 
Gram-negative; Euk: predict option of Eukaryote. The number of predicted Tat and Type IV prepilin substrates using 
TatFind and PilFind were nine and ten, respectively.
Experimental evidence was obtained to confirm the signal peptide cleavage sites of some exemplary proteins by 
protein mass-spectrometry. For seven K. stuttgartiensis mature proteins, including two from set A and one from 
set P, N-terminally non-tryptic peptides were identified that matched exactly to sequences after a putative SP1- 
cleavage site at the end of a canonical Sec signal peptide (Figure 3), indicating that the signal peptides of both 
anammoxosomal and cell-envelope proteins were predicted correctly and are functional.
kuste286l mg kr klgviasafvagalvcgstlV nA E pvmtggpvqgkalwtdysgmskevqgpvsqilftqsprtakg
kustdi340 mr kf lkv tlasaligcgvigtvsslmvkeA kA V eiithwvphevygmpgepdnsgkvffsglkakymgyp
kustdi5i4 mk rp gln lk gnwlsmagvlflmlalvmgvasnA kA A tgsfdrdrylpekaggndydrawisvtdssgntt
kustci06i mf fi fkkplsrivgrtfafagvtllrcamengvA mA E gptfqdvasqvfgqpvgpdndgtlyifgltaky
kustd2i08 mkknclf vv ti isa lf fsf vs qvS fA K el ah nqe aa kqlellrknlsgltemklkdaenfykdflkdlkk
kustdl959 mk le nnp ak dlirifcfilctivicdyvdsgnV yA T dansafpmfkynrertgktpfdgpfkneikwyvs
kustc0678 ml mh rvq kr vmvvllmfavafivgqgnvsfakaklqghvnintA tE A ql amlpgigeklakeivahrtki
Figure 3: Experim ental validation of signal peptides in the Candidatus Kuenenia stuttgartiensis proteins. Identification 
of cleavage sites from seven Candidatus Kuenenia stuttgartiensis mature proteins. The peptides that were identified in the 
tryptic digest are coloured red; their N-terminal sides were non-tryptic. Underlined sequences represent the putative signal 
peptides, and the putative SPase 1 recognition sites adjacent to the non-tryptic side of the peptides are printed in bold. The 
left column indicates whether the protein is present in either the A or the P training set.
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6.3.4 Prediction of the anammoxosomal sub-proteome
We then used our RF classifier to predict the destination of the 938 translocated and membrane proteins. Of 
these proteins, approximately 60% (562 proteins) was predicted to be anammoxosomal (Table 1, and Additional 
file 2: sheet S2) after removal of four predicted type IV secretion system substrates.
Table 1: Composition of the predicted organellar proteome of K. stuttgartiensis.
Protein family Examples of the predicted organellar proteins Locus tag # proteins
cytochrome c551 peroxidase kuste2905
Cytochrome C cytochrome c6 kustc0563 49proteins cbb3-type cytochrome c oxidase subunit 1 (CcoN) 
hepta heme protein
kustc0429
kuste2855
cd1 nitrite reductase (NirS) kuste4136
Respiratory NAD(P)H:quinone oxidoreductase chain 5 kustc0838 50complex proteins proton-translocating NADH dehydrogenase I chain A (NuoA) 
NADH:ubiquinone oxidoreductase subunit M
kustc0822
kustc0840
Ammonium transporter 1 kustc0381
Transporters Nitrite Transporter 1 (FocA) Nitrite/nitrate antiporter (NarK) 
copper-transporting ATPase
kustd1720
kuste2335
kuste2247
27
Protein
translocation
system
SecDF-YajC accessory complex (YajC) 
SecYEG translocation complex (SecE) 
Transmembrane pore (TatC)
Tat signal recognition (TatA/B)
kustd1963
kuste2951
kustc0286
kuste2348
5
Cytochrome C 
maturation system
thiol-disulfide oxidoreductase (ResA) 
cytochrome c-type biogenesis protein (ResC) 
thiol:disulfide interchange protein (DsbD)
kustc0860
kustd1760
kustc0946
6
TPR proteins N-acetylglucosaminyltransferase (O-GlcNAc transferase) kinesin light chain KLC (putative)
kuste2787
kuste2807 32
Hypothetical and 392other proteins
Total proteins 562
A summary of the predicted anammoxosomal sub-proteome of K. stuttgartiensis. In this set, 371 proteins are hypothetical 
proteins of unknown function. Some examples of proteins are listed, especially those with functions known to be related to 
anammox. Details of the predicted sub-proteome are stored in Additional file 2.
Importantly, the predicted anammoxosomal sub-proteome formed a functionally consistent and cohesive set. 
First, the cytochrome c maturation machinery [477] was predicted to be anammoxosomal as 6 out of the 8 
encoding genes were predicted to be targeted to the anammoxosome (Additional file 2: sheet S4), consistent 
with the recent proteomics study of Karlsson et al. [444]. Secondly, the destination of proteins encoded in the 
same genetic neighbourhood (i.e. putative operons) was generally consistent. This makes sense because such 
proteins are usually subunits of a protein complex or otherwise functionally associated (Additional file 2: sheet 
S5). Thirdly, we found that only 15 of the 562 predicted anammoxosomal proteins (2.7%) had SMART or
1GB
PFAM functional domains [478] (e-value < 0.01) which are on functional grounds incompatible with an 
anammoxosomal location (Additional file 2: sheet S2).
Finally, the predicted anammoxosomal sub-proteome was consistent with the proposed biological role of the 
anammoxosome [442, 445, 479]. If the main catabolism of anammox bacteria takes place in the 
anammoxosome, the respiratory complexes should be associated with this compartment. Indeed, all 14 major 
respiratory complexes encoded in the K. stuttgartiensis genome were predicted to reside in the anammoxosomal 
membrane (Additional file 2: sheet S6). Moreover, three out of four ammonium transporters, all nitrite 
transporters, and all nitrite/nitrate antiporters were predicted to be anammoxosomal (Additional file 2: sheet S7). 
In contrast, importers of essential trace elements and amino acids, as well as multidrug-efflux proteins were 
predicted to be located on the outside of the cells, as expected. A single putative copper ATP transporter was 
predicted to be anammoxosomal consistent with the anammoxosomal destination of some enzymes dependent 
on copper (or other metal cations).
Overall, the RF classifier predicts that in anammox bacteria the cytoplasmic membrane is mainly used for 
transport and that essentially all catabolic functions (the anammox reaction, respiration and ATP synthesis) are 
associated with the intracytoplasmic organelle.
6.3.5 Mechanism of protein translocation
The next point we addressed is the molecular basis for protein sorting in anammox bacteria. We reasoned that 
comparison of predicted protein features to those of reference bacteria could provide the first clues to how such 
a sorting system could function.
Homology searches showed that the typical bacterial protein translocation system components, including the 
Sec-translocation system (SecYEG, SecA and YidC proteins) [480-482], Tat-translocation system (TatA/B and 
TatC proteins) [483] and type I [484], II [485] and IV [486] signal peptidases were encoded by the genome of K. 
stuttgartiensis. All components were present in single gene copy only (Table 2).
A predicted physicochemically distinct sub-proteome associated with the intracellular
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Table 2: Protein sorting components encoded in the K. stuttgartiensis genome
Candidatus Kuenenia stuttgartiensis homologues of proteins involved in protein sorting
Protein Function Subcellular
Location
Kuenenia
homologue
Accessi
on
Numbe
r
SecY SecYEG translocation complex Membrane kuste2983 CAJ737
37
SecE SecYEG translocation complex Membrane kuste2951 CAJ737
04
SecG SecYEG translocation complex Membrane kuste4254 CAJ750
16
SecB chaperone Cytoplasm - -
SecA ATPase motor protein Cytoplasm kustb0170 CAJ709
15
SecDF SecDF-YajC accessory complex Membrane kustd1962 CAJ727
07
YajC SecDF-YajC accessory complex Membrane kustd1963 CAJ727
08
YidC membrane protein assembly Membrane kustd1734 CAJ724
79
TatA/B Transmembrane pore Membrane kuste2348 CAJ730
93
TatC Tat signal recognition Membrane kustc0286 CAJ710
31
Signal Peptidase I Sec signal peptidase Membrane kuste3749 CAJ745
12
Signal Peptidase II lipoprotein signal peptidase Membrane kuste4338 CAJ751
00
Signal Peptidase IV prepilin signal peptidase Membrane kustc0984 CAJ717
29
FtsY SRP receptor Membrane kustc0279 CAJ710
24
Ffh Major SRP subunit Cytoplasm kuste3317 CAJ740
78
Putative Candidatus Kuenenia stuttgartiensis orthologues of proteins that are known to be involved in protein sorting. 
Orthology is based on reciprocal best Blast hits and on the unique presence of PFAM functional domains.
The identified components of the Sec- and Tat-systems appeared canonical, except for the presence of a C- 
terminal FecR domain (PF04773) in TatC. This signal-transducing domain is absent in any other TatC protein 
identified so far. Topology predictions of the TatC-FecR protein (by Phobius [487], TMHMM [488], and 
HMMTOP [489]) unanimously showed that the FecR domain is non-cytoplasmic. Because of the uniqueness of 
such a domain combination, it is tempting to speculate that the FecR-like domain may somehow have a role in 
the evolutionary solution that has been found by anammox bacteria for protein sorting to the anammoxosome.
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Interestingly, the RF classifier results for Sec components were ambiguous (only 3 out of 6 subunits were 
predicted to be anammoxosomal), whereas the Tat system was predicted to be completely anammoxosomal 
(Additional file 2: sheet S8). Consistently, 7 out of the 9 Tat-substrates predicted in the K. stuttgartiensis 
genome were also predicted to be anammoxosomal. These include a multi-copper oxidase Sufi (kuste4301), a 
putative superoxide dismutase (kustd1303), two Rieske subunits of the bc1 complex (kuste3096 and kuste4569), 
and a few hypothetical proteins. The NarG nitrate reductase subunit is very probably a false positive, as has 
been noted earlier [490].
In conclusion, the encoded protein translocation machinery shows that no duplication of the Sec- or Tat-systems 
has taken place to facilitate separate translocation routes, and that both systems may be involved in protein 
sorting towards the anammoxosome.
6.3.6 The role of signal peptides in protein sorting
Regardless of the protein translocation machinery used, the targeting of proteins to specific subcellular locations 
is often accomplished by modulation of N- or C-terminal signal peptides, in eukaryotes [450-454] and 
prokaryotes [458-460] alike. Therefore, we compared the N- and C-termini of the two training sets A and P to 
identify a possible distinctive property or amino acid motif that could be used to differentiate both sets of 
protein sequences.
Direct alignment of the signal peptides resulted in alignments which only had high quality (similarity level 
higher than 30%) in the h-regions (TMH). Therefore, the n-, h-, and c-regions of the signal peptides from the 
amino acid sequences from both training sets were first extracted manually, and were used to create a series of 
ungapped alignments which were aligned at: (1) the N-terminus; (2) the h-region start; (3) the c-region start; and 
(4) the putative cleavage site. The resulting segmental alignments were then joined in the order corresponding to 
the original signal peptide architecture. The sequence logo [491] of the ungapped alignments of the N-termini 
illustrates that in general the signal peptides of both sets were canonical type I signal peptides (Figure 4) and 
most of the proteins had SPase I cleavage sites with a clear AxA motif. These alignments were further 
investigated by comparing the search results of Hidden Markov Models [492] of both sets in a sliding window 
approach (Additional file 3), but no discriminating motif was found in either set A or set P. MEME motif 
searches [493] and statistical analysis of amino acid frequencies also did not yield any significant differences. 
Finally, we trained RF classifiers using only the N-terminus (30 amino acids) of the two sets of proteins, with 
the frequencies of two adjacent amino acid combinations as also used for the full protein RF classifiers. The 
resulting RF classifiers showed much lower accuracy than the models built based on the complete protein 
sequences, suggesting that less distinctive features were encoded in the N-terminus of these 2 groups of proteins 
(Figure 1).
A predicted physicochemically distinct sub-proteome associated with the intracellular
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Figure 4: Sequence composition of the signal peptides of the anammoxosome and cell envelope protein sets 
Weblogos of the signal peptides of protein sets A (anammoxosomal) and P (cell envelope) are shown. Both the hydrophobic 
h-regions (residues -6 to -17) and the signal peptidase AxA consensus (residues -1 to -3) preceding the cleavage site are 
clearly visible. The weblogos were created from sequences aligned to the cleavage site, using Weblogo [47].
An interesting side observation was that the h-regions of the predicted signal peptides from K. stuttgartiensis 
proteins contained significantly more phenylalanine residues (2.23 on average for both training sets) than found 
in E. coli TMHs (1.64 on average, Additional file 3: Supplemental Figure S3). We speculate that this difference 
may be related to the affinity of trans-membrane helices to the unique ladderane membranes of anammox 
bacteria that have an exceptionally high density to prevent diffusion [494].
Yet in conclusion, it is unlikely that the N- or C- terminus plays a role in protein targeting of anammox bacteria.
6.4 Discussion
The anammoxosome of anammox bacteria is one of the best documented cases of organellar biogenesis in 
Bacteria; electron tomography has shown that this bacterial organelle divides separately from the cytoplasmic 
membrane, and is not connected to this membrane during a complete cell cycle [449]. Cytochrome c proteins 
were detected exclusively inside the anammoxosome [445] and an intracytoplasmic pH gradient was shown to 
exist [463]. Because experimental investigation of anammox bacteria appeared to be difficult and the genome of 
K. stuttgartiensis has been sequenced recently, an in silico analysis was therefore obviously the next step 
forwards in unravelling this interesting biological phenomenon.
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In the present study a Random forest classifier was trained with two sets of protein sequences. The best RF 
classifier predicted an organellar sub-proteome of 562 proteins that was internally consistent and made 
functional sense. The best classifier used two-adjacent-amino-acids combination frequency as the input. 
According to their grand average of hydropathy (GRAVY) [15] and aliphatic index [495], the anammoxosomal 
proteins tend to be more hydropathic and more aliphatic (Figure 5). This could be a consequence of the different 
physico-chemical characteristics (e.g. different pH [461]) inside the anammoxosome. As computing power is 
likely to increase, the accuracy of the RF classifier may be improved in follow-up studies, e.g. by using 
combinations of more than 2 amino acids.
Figure 5: Physicochemical differences between anammoxosomal and cell envelope proteins
Two physicochemical parameters are plotted against each other: GRAVY index (grand average of hydropathy) and aliphatic 
index (relative volume occupied by aliphatic side chains of I, L, V, and A), which can both be calculated from amino acid 
compositions. These two parameters separate sets A and P into two largely distinct clusters. Purple dots: set P. Blue dots: set 
A.
The anammoxosomal training set consisted only of amino acid sequences of cytochrome c proteins. It is 
possible that the classification was biased by the uniqueness of the protein types in this set. However, the 
cytochrome c protein family is only defined by the presence of a conserved CXXCH heme-binding motif (which 
we excluded from the RF input data) in an alpha-helical domain. Yet the remainder of the amino acid sequences 
were vastly variable, some polypeptides even containing regions with different folds or domains [496, 497]. In 
fact, motif searches showed that no conserved sequence patterns could be found in set A except for the heme- 
binding motif, and the pairwise sequence identities of proteins in this set were all below 80%, with only 11 of 
them above 50%.
For the prediction of translocated proteins, a combination of 15 existing signal peptide prediction algorithms 
was used. These 15 signal peptide predictors reported immensely different predictions (Figure 2) on the
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presence or absence of a signal peptide in K. stuttgartiensis proteins. Considering the fact that the Gram­
negative predictors were mainly trained with sequences from Proteobacteria, which are only very distantly 
related to anammox bacteria, it is highly unlikely that the reported accuracies of these predictors of 91-95% 
[498-501] can be valid for Kuenenia proteins. Moreover, among all employed algorithms, the SignalP-HMM 
algorithm trained on eukaryotes showed the highest true-positive rate by predicting signal peptides in 68 out of 
69 of the proteins in set A. This indicates that anammox signal peptides are more similar to those of eukaryotes 
than to those of Gram-negative or Gram-positive model bacteria.
Analysis of the encoded protein translocation machinery provided some clues as to how this bacterium targets 
translocated proteins to their proper destination. Because this machinery is non-redundant, an additional layer of 
chaperoning would be required to achieve specificity. Moreover, because no sorting signal was apparent at the 
N- or C-termini of the proteins, such chaperones could act on the physicochemical characteristics observed in 
the amino acid sequence. Alternatively, the signal may act at the level of the messenger RNA that could 
determine the fate of the protein even before translation starts.
In case of the Sec translocase, some subunits (SecE, SecG and YidC) were predicted to be anammoxosomal, 
while some others (SecY, SecA, SecDF,YajC) were not. According to the presence of the seemingly canonical 
Sec-signal peptides on both cell-envelope-targeted proteins and anammoxosome-targeted proteins, it is likely 
that the Sec translocase has a dual localization on both the anammoxosomal and the periplasmic membranes. 
However, recent studies have also shown that under certain conditions Sec-system exported proteins could as 
well be translocated by the Tat-system [502, 503], and therefore we cannot exclude the possibility that the Tat 
system translocates more than just the predicted twin-arginine-motif-carrying substrates.
An alternative hypothesis for anammoxosomal targeting could be primary translocation to the periplasm through 
the Sec pathway and secondary retro-translocation to the anammoxosome (or vice versa) through vesicles. 
However, it must be noted that the application of 3D electron microscopy (tomography) did not reveal any such 
vesicles in growing or dividing cells [448].
In order to further elucidate the anammox protein targeting problem, more experiments, such as 
immunolocalization of the Tat- and Sec-translocase subunits and quantitative proteomics approaches [504, 505], 
comparing protein concentration levels in purified anammox cells and solutions enriched in anammoxosomes (a 
purification method which has been described earlier [494]), are required. The present study provides a clear 
hypothesis to future experiments: in anammox bacteria, catabolism and respiration are strictly organellar, 
leaving only transport functions for the cytoplasmic membrane.
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6.5 Conclusions
The anammoxosome of anammox bacteria is one of the best documented cases of organellar biogenesis in 
bacteria. Experiments have shown that several key enzymes catalyzing the anammox reaction are present 
exclusively inside the anammoxosome. The present study makes use of physicochemical characteristics of 
predicted protein sequences to predict a 90% accurate sub-proteome that constitutes this bacterial organelle. 
Meanwhile, the mechanism of protein sorting remained largely elusive.
The predicted sub-proteome has been deposited into a freely accessible Microsoft-Excel database (Additional 
file 2).
6.6 Methods
6.6.1 Genome sequence of Candidatus K. stuttgartiensis
The complete predicted proteome of K. stuttgartiensis was compiled from all annotated protein sequences (4663 
ORFs, accessed 11-02-2008) encoded by K. stuttgartiensis genome fragments kustA -  kustE (GenBank 
accession nrs.: CT030148, CT573074, CT573073, CT573072, CT573071). The proteome has been deposited in 
the peptidome database (accession number PSE111).
6.6.2 Sets of putatively anammoxosome- and cell-envelope-targeted proteins
The set of amino acid sequences of putative anammoxosomal proteins (“set A”) was first constructed from the 
cytochrome c proteins with a peptide coverage of more than 10% in an experimental analysis of the K. 
stuttgartiensis proteome (Kartal et al., unpublished data). Next, local BlastP searches were performed with the 
Scalindu marina metagenome using these protein sequences as queries in order to extend the set A. Reciprocal 
best Blast hits with the K. stuttgartiensis genome that share an identical gene context with the set A proteins 
were identified as orthologues and added to set A. By similar methods a set of amino acid sequences of putative 
cell-envelope and/or excreted proteins (“set P”) was also constructed. This set consisted of proteins from the K. 
stuttgartiensis genome with high similarity to proteins with a validated function in the periplasm, cell envelope 
or extracellular environment [506-522].
Predicted integral transmembrane proteins (predicted using Phobius [487], combined with manual inspection) 
were removed from the sets. The translation start sites of the selected proteins were manually checked and 
corrected when necessary. Pairwise identities of the sequences from both sets were calculated with MatGAT 
[523] and redundant protein sequences (with pairwise identity higher than 85%) were removed.
A predicted physicochemically distinct sub-proteome associated with the intracellular
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6.6.3 Prediction of signal peptide-carrying proteins in Candidatus K. stuttgartiensis
Signal peptide predictions on the whole K. stuttgartiensis proteome were performed by the Gram-negative, 
Gram-positive and eukaryote versions of the algorithm PrediSi [500], SignalP-HMM and SignalP-NN [499], 
Gram-negative and Gram-positive versions of Signal-3L [501] and Signal-CF [498], and the general versions of 
RPSP [524] and Phobius [487]. All positive predictions from all algorithms were combined into a majority vote 
decision. Trans-membrane helices (TMH) were predicted by Phobius, TMHMM [488], and HMMTOP [489]. 
Tat-secreted proteins were identified with TatFind [34]. The same algorithms were also run on all protein 
sequences of sets A and P (see below). The n-, h-, and c-regions of the predicted signal peptides were 
determined manually based on expert knowledge with help of the predictions by Phobius and SignalP. No 
attempt was made to differentiate between signal peptides (which are cleaved by a SPase) and signal anchors 
(which are not cleaved) for these sets.
6.6.4 Random Forest classification based on mature protein amino acid composition
The Random Forest classifier package (version 4.5-28) [476, 525] from the R environment (version 2.8.1) [476, 
526] was used to train RF classifiers for the separation of anammoxosomal (set A) and cell-envelope (set P) 
proteins.
In order to reduce the bias due to class size imbalance (larger size of set P), this set was randomly separated into 
two subsets (set P1 and P2) with sizes similar to that of set A. As input for the RF algorithm, features were 
determined based on the frequencies (occurrences divided by the sequence length) of amino acids, including the 
frequencies of two-adjacent-amino-acids, from (i) the SPs, (ii) the full-length amino acid sequences and (iii) the 
mature protein amino acid sequences of sets A, set P1 and set P2 (except cysteines and histidines, which 
constitute the heme c binding motif). A three-class (P1, P2, and A) RF model was trained with 1000 trees per 
forest using each set of input data at each round of P set randomization. The randomization training process was 
repeated 500 times for each set of input data, after which the votes for classes P1 and P2 were pooled into one 
merged set P and the overall classification or out-of-bag (OOB) errors were calculated.
The best RF model was selected based on overall accuracy and A protein recall. When a tie situation occurred 
with the overall accuracy, the model with higher A protein recall was preferred.
6.6.5 Identification of Sec signal peptide cleavage sites by mass-spectrometry
Mass-spectrometry experiments were performed to identify the Sec-signal peptide cleavage sites in proteins 
from sets A and P. A detailed methodology of these experiments is described in the Additional file 3. The 
resulting mass spectrometric data files were searched against a database containing the K. stuttgartiensis 
proteins and known contaminants like human keratins and trypsin using Mascot (Matrix Science Inc., USA, 
version 2.2) [527]. Variant sequences were modified at the N-terminus by deleting amino acid 1 to 50 and were 
added to the database in order to search for the Sec-signal peptide cleavage site. The resulting peptide hits were
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validated using an in-house developed script which selects peptides based on peptide score, the number of 
variable modifications, the expectation value, and the modified delta score. From the list of validated peptides, a 
non-redundant N-terminal peptide list was manually extracted by the criteria of : (1), whether the protein was 
identified with > 3 peptides; (2), whether the peptide was the first detectable peptide (based on calculated m/z 
values of in silico predicted tryptic peptides in relationship with the m/z detection limits of the mass 
spectrometer) of the protein; (3), whether the peptide was semi-tryptic (with the non-tryptic side at the N- 
terminus).
6.6.6 Prediction of the anammoxosomal sub-proteome of K. stuttgartiensis
The Candidatus K. stuttgartiensis proteome was separated into the translocated and non-translocated sets by 
combining several signal-peptide predictors as follows: firstly, a majority vote of the prediction from 15 signal­
peptide prediction algorithms (see above) was used to predict sets of proteins containing SPs (511) and proteins 
without SPs (4152). Secondly, the proteins without SPs were subdivided into sets of soluble cytoplasmic 
proteins (3724 proteins, set 4) and SP-less transmembrane proteins (427 proteins, set 3), using predictions of 
TMHMM 2.0 [488]. Finally the SP-containing proteins were considered subdivided into soluble proteins and 
proteins containing TMHs, by assessing which proteins had TMHs predicted by a Phobius constrained 
prediction (constraint: N-terminus = signal peptide). This resulted in a predicted set of 344 SP-containing 
soluble proteins (set 1) and a predicted set of 167 SP-containing transmembrane proteins (set 2) (Additional file 
1: sheet S2). The TMHs (including TMH topology) were predicted by either a constrained Phobius search (for 
sets 1 and 2) or the TMHMM output (for set 3). Protein sequence composition data of subset 1-3 were then used 
to predict the anammoxosome proteome.
6.6.7 Identification and sequence analysis of the protein translocation system components in the genome of 
Candidatus Kuenenia stuttgartiensis
Genes encoding translocation-associated proteins SecY, SecE, SecG, SecA, SecDF, YajC, YidC, TatA, TatC, 
SPI, SPII, SPIV, FtsY, and Ffh were identified in the K. stuttgartiensis genome by finding reciprocal best Blast 
hits using BlastP [528] with the well-studied proteins involved in inner membrane translocation in Escherichia 
coli K12 as queries. Orthologues from S. marina were identified by performing BlastP analysis on a 
metagenomic database (M. Jetten and M.Kuypers, unpublished results) constructed with a S. marina enrichment 
culture [529], using the above-identified K. stuttgartiensis protein sequences as a query.
Homologues of the Sec- and Tat- translocation system components from other bacterial species were found by 
PSI-Blast [530] searches using the Escherichia coli K12 proteins as queries on the GenBank 
(http://www.ncbi.nlm.nih.gov/) genomic data from all bacterial phyla. The K. stuttgartiensis protein 
translocation-associated proteins were aligned to at least 4 non-planctomycete sequences using Muscle [531].
A predicted physicochemically distinct sub-proteome associated with the intracellular
organelle of the anammox bacterium Kuenenia stuttgartiensis
117
Ch
ap
ter
 6
Chapter 6
Multiple sequence alignments were made by Muscle 3.6 using standard parameters. Motif searches were 
performed using MEME [493], first with the criterion of zero or one motif per sequence, then with one motif per 
sequence. Phylogenetic footprinting [532] was performed by aligning the signal peptides of K. stuttgartiensis 
and S. marina orthologues from set A together with their putative orthologues (based on reciprocal best BlastP 
hits) from the sequences of planctomycete KSU-1 obtained by Shimamura et al. [533, 534]. The protein 
physicochemical properties, including the prevalence of general amino acid classes (ILV, FWY, 
AILVMFWYC, AGS, ST, GNP, DE, DN, KR, EQ, DENQ, HKR, DENQHKR, and DENQHKRST), aliphatic 
index [68], and GRAVY index (grand average of hydropathy, according to the Kyte/Doolittle scale) [15] of the 
proteins were calculated by custom Python scripts. Statistical analysis on these parameters was performed by 
calculating the average, standard deviation, and average deviation of the data.
6.7 List of Abbreviations
HMM, hidden Markov model; AA, amino acid; RF, random forest; SP, signal peptide; TM, transmembrane; 
TMH, transmembrane helix; ORF, open reading frame; OOB: out-of-bag error estimate.
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peptide predictions.
Additional file 2
File name: additional_file_2.xls
File format: Excel document
Title of data: Predicted anammoxosomal proteome
Description of data: Details on the anammoxosomal proteome prediction
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7.1 Introduction
This thesis aims to increase the accuracy and sensitivity of large-scale bacterial protein SCL prediction. 
Furthermore, by extensively applying SCL prediction in combination with various heterogeneous sources of 
knowledge, with focus on extracellular and surface-associated proteins, it improves bacterial genome 
annotation.
7.2 A rational pipeline structure that increases SCL prediction accuracy
We have constructed the protein SCL prediction pipeline LocateP which contains several public stand-alone 
SCL predictors and our own tools. The objective of this pipeline was to combine multiple tools in a rational way 
so as to enhance positive predictions. Detailed prediction of protein localization was achieved by mimicking the 
protein secretion processes and utilizing specific predictors for each possible compartment. One of the 
notoriously difficult problems of SCL prediction, the separation of N-terminally anchored and secreted (released 
from the bacterial cell) proteins, which both have very similar Sec-type signal peptides, was handled by our 
novel method of combining multiple characteristic HMMs and a scoring algorithm.
The LocateP v1.0 pipeline (chapter 2) was tailored for the prediction of SCL (7 different classes) of monoderm 
bacterial proteins, and the extended version v2.0 (chapter 3) expanded the prediction to SCL (8 classes) of 
diderm bacterial proteins. Both versions of LocateP have shown high accuracy comparing to existing tools (90% 
and 86%, respectively) when tested with benchmarking sets from literature, including the N-terminally anchored 
proteins. A database LocateP-DB (www.cmbi.ru.nl/locatep-db) was constructed to store and browse the pre­
calculated SCLs of all published monoderm bacterial genomes, and the web-based self-service SCL prediction 
(LocateP-web) is currently under construction with the aid of the NBIC Bioassist project #354.
7.3 Bacterial SCL prediction by integrating comparative genomics: comparative secretomics
In bacteria the extracellular proteins and the surface-associated proteins are often involved in essential processes 
that are relevant to the molecular evolution, diversity, function and adaptation of bacteria to their specific living 
environments.
Therefore, in one step further than SCL prediction, we combined LocateP with comparative genomics to predict 
the secretome encoded in the complete genomes of 26 Lactic Acid Bacteria (LAB) (chapter 4). These putative 
extracellular and surface-associated proteins were clustered by combining various protein family clustering tools 
and phylogeny detectors such as BLAST [209], Inparanoid [210] and BLAT [231]. Extra information on protein 
functional domains and protein feature-specific motifs were detected by Pfam [233] and MEME [535]. The 
web-accessible database LAB-Secretome (www.cmbi.ru.nl/lab-secretome) was made to store and browse all 
predicted extracellular and surface-associated proteins and families.
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The advantage of this comparative approach is that wrongly predicted SCL of individual proteins (e.g. due to 
incorrect ORF prediction, gene frameshifts, etc) can be corrected based on protein family characteristics.
An in-depth comparative analysis of the clustered protein families showed that the absence/presence of various 
extracellular and surface-associated protein families in different LAB species is relevant to known biological 
niches. In many cases we were able to link genotype to phenotype by combining domain composition and 
reconstruction of phylogenies.
Though we used the LAB species as the target of this comparative analysis, our methodology is applicable to 
extracellular and surface-associated proteins of all bacteria.
7.4 Comparative secretomics in the genus Lactobacillus
A subgroup of LAB, the Lactobacilli, play a key role in industrial and artisan food raw-material fermentation, 
including a large variety of fermented dairy products. Next to their role in fermentation processes, specific 
strains of Lactobacillus are currently marketed as health promoting cultures, or probiotics (e.g. Lactobacillus 
rhamnosus GG).
The bacterial secretion systems of Lactobacilli are comparatively simple according to the model monoderm 
organism Bacillus subtilis. Our targeted mining towards the secretion systems in the sequenced Lactobacilli 
genomes revealed that these species do not encode the main components involved in the Tat, FEA, and Wss 
protein secretion pathways, but do contain genes encoding the Sec, FPE, peptide-efflux ABC and holin systems. 
The approach described in chapter 4 was applied to 13 sequenced genomes of Lactobacilli (chapter 5). The 
resulting extensive annotation of the predicted secretomes (in the published manuscript of chapter 5, the 
genome-scale extracellular and surface-associated proteins were defined as “exoproteome”), combined with 
comparative analysis of species- or strain-specific secretomes, were used to identify candidate effector 
molecules which may support specific effects on host physiology associated with particular Lactobacillus strains, 
e.g. the proteins with mucosal binding functions. Candidate health-promoting effector molecules of Lactobacilli 
can then be validated via mutant approaches, which will provide leads to improved strain selection procedures, 
improved product quality control criteria, and molecular science-based health claims.
7.5 Atypical protein SCL prediction in anammox bacteria using Random Forest (RF)
Recently, a few bacterial species have been found to have specific cell compartments, such as the 
anammoxosome, an organelle containing components of anaerobic ammonium-oxidation (anammox) in the 
bacterium Candidatus "Kuenenia stuttgartiensis". This introduces a new challenge in SCL prediction to such 
organelles. Though canonical signal peptides were shown by experimental methods to exist in both the 
organellar and cell-envelope proteins, the currently existing SCL predictors, including the HMM methods which 
we successfully applied in our LocateP pipeline, failed to distinguish these two types of proteins.
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Hence we designed a new approach using the machine-learning algorithm Random Forest (RF) to tackle this 
unique case in bacterial SCL prediction (chapter 6). An RF classifier trained on two-adjacent-amino-acids 
(amino acids pairs) combination frequencies from full-length protein sequences of experimentally verified 
organellar and cell-envelope proteins showed excellent prediction specificity. This classifier discovered a 
physicochemically distinct organellar sub-proteome in the genome of Kuenenia stuttgartiensis. Most of the SCL 
predictions of proteins to this organelle were in line with experimental evidence.
This work has shown the power of machine-learning methods in the protein SCL prediction area of feature 
selection and data classification. The results provide strong in silico support next to experimental evidence for 
the existence of the anammoxosome in Kuenenia stuttgartiensis. They are an important step forward in 
unraveling a geochemically relevant case of cytoplasmic differentiation in bacteria.
7.6 Future perspective
7.6.1 Erroneous ORF calling leads to potential SCL prediction errors
Because almost all of the current SCL predictors focus on specifying the N-terminal sequence characteristics of 
the proteins, wrongly-called ORF start codons inevitably cause false SCL predictions. In most of these cases, it 
is only possible to identify the SCL prediction errors when previous SCL or biological knowledge of the protein 
is available. Unfortunately, until now more than 30% of the proteins in bacterial genomes are of unknown 
function (i.e. hypothetical proteins), making it difficult to identify these false predictions.
One solution to this problem is to compare the SCL prediction consistency among protein homologs, combining 
sequence and domain composition together with the protein size. This method has been applied in our LAB- 
Secretome database, with which we have discovered and corrected hundreds of such artifacts across 26 LAB 
genomes caused by ORF-calling errors. In addition, these wrongly annotated ORFs were manually corrected, 
showing the possibility of using SCL prediction to improve bacterial genome annotation. It should be noted that 
there could be even more ORF-calling errors in the LAB genomes. Therefore, more generic approaches should 
be undertaken to improve both the genome annotation quality and the SCL prediction accuracy.
7.6.2 The final fate of some proteins is difficult to predict
Above and beyond the currently discovered protein transportation systems, many proteins have been found 
outside of the bacterial cells which seemingly contain no characteristics for classical secretion systems to 
recognize. These proteins, the so-called “moonlighting proteins”, are generally highly expressed proteins with 
intracellular functions such as ribosomal proteins, chaperones or glycolytic pathway enzymes which do not 
contain secretion signals or recognition domains that can indicate them to be substrates for translocation system 
[536]. However, by proteomic experiments they are constantly identified outside of bacterial cells, and some of 
them were even discovered at both cytoplasmic and extracellular/peripalsmic locations [537]. Whether these
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proteins indeed possess non-cytoplasmic/multiple locations or whether they are merely experiment contaminants 
caused by cell lysis is still under debate.
To date, only one tool called SecretomeP [115] has claimed the possibility of predicting these extracellular 
moonlighting proteins. According to proteomic experiments this tool identifies protein localization with high 
accuracy on certain SCL categories such as intracellular and signal peptide containing proteins, however the 
identification of the “moonlighting proteins” on a genome-scale suffers high false prediction rates [48].
Because the SecretomeP provides no local installable package which can be included in the LocateP pipeline 
and the secretion mechanisms of “moonlighting proteins” remains unconfirmed, prediction of these proteins is 
not yet available in the current stage of LocateP pipeline construction.
7.6.3 SCL prediction calls for more experimental data
In addition to the problem of SCL prediction of “moonlighting proteins”, the prediction accuracy of SCL 
prediction on some proteins with uncommon locations are difficult to improve by the fact that not enough 
validated examples could be used as a training set for prediction tools, even for LocateP. Examples of these 
proteins are the N-terminally anchored proteins with their C-terminus inside the cytoplasm and the inner­
membrane associated lipoproteins of diderm bacteria.
With multi-sequence alignment analysis of the currently available proteins, it is possible to detect subtle features 
with conservation of a single or two residues which might explain the special cellular location of the proteins, 
e.g. the K/R residues downstream of the transmembrane helix are constantly found in the C-terminus inside N- 
termininally anchored proteins (positive inside rule [538]); and D/N in the +2 position of the lipo-box (cleavage 
motif of the prolipoprotein signal peptide) might direct the lipoproteins to the inner membrane [238, 239]. 
However when using these criteria to predict the SCL genome-wide we encountered high false positive rates. 
The high false-positive rates could be explained by the mis-identification of the precise N-terminal 
transmembrane helix edges or the exact position of the lipo-box , since these features are indeed difficult to 
predict [148]. Still, unknown mechanisms could be involved in the translocation of these proteins.
Nevertheless, with the development of experimental SCL-proteomics approaches ref and? when the SCL of 
more of these proteins are experimentally verified, it would be possible to perform further bioinformatic 
analysis on features that predict the SCL of these proteins, which would in turn provide improved SCL 
predictions.
7.6.4 Prediction algorithm refinement
In the Introduction part of this thesis it was mentioned that in the area of protein SCL prediction the machine- 
learning methods have been wildly applied. Most of these tools were constructed with refinements of either 
supervised or unsupervised methods to construct predictive model based on proteins with known SCL. However,
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although these tools have shown excellent performance, we must note that the commonly used supervised 
machine-learning methods (e.g. Neural Networks [539], K-NN algorithm [540], Random Forest[25] and SVM 
[54, 541]) probably contain potential pitfalls [542]. One of the effective ways to optimize the predictor is to pre­
select the training features and give lower weight to the irrelevant features, but over-fitting the predictive model 
to the training data will bring the possibility of losing generalization of the model. Consequently the resulting 
algorithm can only recognize its training instances and are unreliable when applied to new cases [543, 544]. 
Such bias could become bigger when the training and testing data sets share high homology, which is constantly 
the case in the area of protein SCL prediction [539, 545], because the high accuracy might come from the high 
similarity of sequences in the training and testing sets.
Therefore continuous refinement of training data based onto the latest experimental results and consequent 
upgrading of the algorithms are essential for generalized SCL prediction model. The tools CELLOII (using a 
double-layered SVM algorithm to avoid bias) [49] and PSORT v.3.0 (implement new experimental validated 
training data and adjusted new algorithms) [54] is improved on a continuous basis and therefore is an 
encouraging example, which will keep on included in future versions of the LocateP pipeline.
In conclusion, we have shown that by combining multiple tools in a way mimicking protein sorting system in 
the cell, the SCL of bacterial proteins can be predicted with high sensitivity and precision. Moreover the 
machine-learning methods are powerful solutions in effective prediction of protein SCL on a large scale. 
Integrating knowledge from multiple sources produces enriched and more reliable information in deciphering 
the divergent phenotypes in bacteria. Based on our work, SCLs can be determined on a large scale providing an 
excellent starting point for experimentalists to further elucidate the function of cellular proteins. In our 
experience, bioinformatics is complementary to laboratory approaches. Not only are experimentally validated 
proteins necessary for the development of bioinformatics tools, in return the bioinformatics predictions can 
provide effective leads for experimental verifications.
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Samenvatting
Inleiding
Dit proefschrift beschrijft methoden voor voorspelling van de subcellulaire locatie (SCL) van bacteriële eiwitten 
op de schaal van het genoom, en de uitgebreide toepassing van SCL voorspelling in combinatie met diverse 
heterogene bronnen van kennis. Als onderdeel van het NBIC (Netherlands Bioinformatics Centre van het 
Netherlands Genomics Initiative) Biorange programma, heeft dit proefschrift tot doel de nauwkeurigheid en 
gevoeligheid van grootschalige bacteriële eiwit SCL voorspelling te verhogen, met de nadruk op extracellulaire 
en oppervlakte-geassocieerde eiwitten, om bacteriële genoom annotatie te verbeteren door integratieve 
bioinformatica welke gebruik maakt van SCL voorspellingen.
Een rationele pijplijn structuur die de nauwkeurigheid van de SCL voorspelling vergroot
We hebben de eiwit-SCL voorspellingspijplijn LocateP geconstrueerd die bestaat uit verschillende openbare 
stand-alone SCL voorspellers en onze eigen voorspellings methodes. Het doel van deze pijplijn is om meerdere 
programma’s te combineren op een rationele manier om zo positieve voorspellingen te verbeteren. 
Gedetailleerde voorspelling van eiwit lokalisatie werd ook bereikt door het nabootsen van de eiwitsecretie 
processen en gebruik te maken van specifieke voorspellers voor elk mogelijk celcompartiment. Een van de 
notoir moeilijke problemen van SCL voorspelling, de scheiding van N-terminaal verankerde en uitgescheiden 
eiwitten, die allebei zeer vergelijkbare Sec-type signaal peptiden hebben, werd opgelost door onze nieuwe 
methode van het combineren van meerdere karakteristieke HMMs (Hidden Markov Models) en een 
scoringsalgoritme.
De LocateP v1.0 pijplijn (hoofdstuk 2) werd op maat gemaakt voor de SCL voorspelling (7 verschillende 
klassen) van monoderme bacteriële eiwitten, en de uitgebreide versie v2.0 (hoofdstuk 3) breidde de SCL 
voorspelling (8 klassen) uit naar diderme bacteriële eiwitten. Beide versies van LocateP vertoonden een hoge 
nauwkeurigheid (90% en 86%, respectievelijk) in vergelijking met de bestaande methodes wanneer getest met 
benchmarking sets uit de literatuur, met inbegrip van de N-terminaal verankerde eiwitten. Een database 
LocateP-DB (www.cmbi.ru.nl/locatep-db) werd gebouwd voor het opslaan en inzien van de vooraf berekende 
SCLs van alle eiwitten gecodeerd in gepubliceerde monoderme bacteriële genomen, en de web-based self­
service SCL voorspelling (LocateP-web ) is momenteel onder constructie met de steun van het NBIC BioAssist 
project #354.
Bacteriële SCL voorspelling door de integratie van comparative genomics: comparative secretomics
In bacteriën zijn de extracellulaire eiwitten en de oppervlakte-geassocieerde eiwitten, een subset van het 
secretoom, vaak betrokken bij essentiële processen die relevant zijn voor de moleculaire evolutie, diversiteit, 
functie en aanpassing van bacteriën aan hun specifieke leefomgeving.
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Daarom combineerden we, in een stap na de SCL voorspelling, LocateP met comparative genomics om het 
secretoom gecodeerd in de complete genomen van 26 melkzuurbacteriën (LAB) te voorspellen (hoofdstuk 4). 
Deze mogelijk extracellulaire en oppervlakte-geassocieerde eiwitten werden geclusterd door het combineren van 
verschillende eiwitfamilie clustering en fylogenie detectie programma’s zoals BLAST [208], Inparanoid [209] 
en BLAT [230]. Extra informatie over eiwit functionele domeinen en eiwit functie-specifieke motieven werden 
gedetecteerd door Pfam [232] en MEME [534]. De via het internet toegankelijke database LAB-Secretome 
(www.cmbi.ru.nl/lab-secretome) werd gemaakt om alle voorspelde extracellulaire en oppervlakte-geassocieerde 
eiwitten en families in op te slaan en in te zien.
Het voordeel van deze vergelijkende benadering is dat onjuist voorspelde SCLs van afzonderlijke eiwitten 
(bijvoorbeeld als gevolg van onjuiste voorspelling van starts van genen, frameshifts van genen, etc.) kunnen 
worden gecorrigeerd op basis van eiwitfamilie kenmerken.
Een diepgaande vergelijkende analyse van de geclusterde eiwitfamilies toonde aan dat de 
afwezigheid/aanwezigheid van verschillende extracellulaire en oppervlakte-geassocieerde eiwitfamilies in 
verschillende LAB soorten relevant is voor bekende biologische niches. In veel gevallen waren we in staat om 
het genotype aan het fenotype te koppelen door het combineren van domein samenstelling en de reconstructie 
van fylogenieën.
Hoewel we LAB soorten hebben gebruikt als het doel van deze vergelijkende analyse, is onze methodologie van 
toepassing op extracellulaire en oppervlakte-geassocieerde eiwitten van alle bacteriën.
Comparative secretomics in het geslacht Lactobacillus
Lactobacillen, een subgroep van LAB, spelen een belangrijke rol in vergisting van suikers in industriële en 
ambachtelijke voedselproducten, met inbegrip van een grote verscheidenheid aan gefermenteerde 
zuivelproducten. Naast hun rol in fermentatieprocessen, zijn specifieke stammen van Lactobacillus op dit 
moment op de markt gebracht als gezondheidsbevorderende culturen, genoemd probiotica (bijvoorbeeld 
Lactobacillus rhamnosus GG).
De bacteriële secretie systemen van Lactobacilli zijn betrekkelijk eenvoudig, volgens het model monoderm 
organisme Bacillus subtilis. Onze gerichte zoektocht naar de secretie systemen in de Lactobacilli genomen 
onthulde dat deze soorten niet de belangrijkste onderdelen coderen die betrokken zijn bij de Tat, FEA, en WSS 
eiwitsecretie pathways, maar wel genen bevatten die de SEC, FPE, peptide-efflux ABC en holin systemen 
coderen. De aanpak beschreven in hoofdstuk 4 werd toegepast op 13 gesequencede genomen van Lactobacilli 
(hoofdstuk 5). De resulterende uitgebreide annotatie van de voorspelde secretomen (in het gepubliceerde 
manuscript van hoofdstuk 5 werden de extracellulaire en oppervlakte-geassocieerde eiwitten nog omschreven 
als "exoproteome"), in combinatie met een vergelijkende analyse van de soort- of stam-specifieke secretomen, 
werden gebruikt om kandidaat-effector moleculen te identificeren, die specifieke effecten op de fysiologie van 
de gastheer geassocieerd met specifieke Lactobacillus stammen zouden kunnen ondersteunen, bijvoorbeeld de 
eiwitten met mucosale bindingsfuncties. Kandidaat gezondheidsbevorderende effector moleculen van 
Lactobacilli kunnen vervolgens worden gevalideerd via mutant benaderingen, die leads zullen opleveren naar
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verbeterde stam selectie procedures, verbeterde criteria voor de controle van de productkwaliteit, en 
gezondheidsclaims gebaseerd op moleculaire mechanismes.
Atypische eiwit SCL voorspelling in de anammox-bacteriën met behulp van Random Forest (RF)
Recentelijk is voor een aantal bacteriesoorten gebleken dat ze specifieke cel-compartimenten hebben, zoals de 
anammoxosome, een organel dat onderdelen bevat van anaerobe ammonium-oxidatie (anammox) in de bacterie 
Candidatus "Kuenenia stuttgartiensis". Dit vormt een nieuwe uitdaging in de SCL voorspelling van eiwitten 
voor dergelijke organellen. Hoewel het is aangetoond door experimentele methoden dat standaard signaal 
peptiden voorkomen in zowel de organel- als de cel-enveloppe eiwitten, slaagden de thans bestaande SCL 
voorspellers, met inbegrip van de HMM methoden die we succesvol hebben toegepast in onze LocateP pijplijn, 
er niet in om deze twee soorten eiwitten te onderscheiden.
Vandaar dat we een nieuwe aanpak ontwikkelden met behulp van het machine-learning algoritme Random 
Forest (RF) om dit unieke geval in de bacteriële SCL voorspelling (hoofdstuk 6) aan te pakken. Een RF 
classifier, getraind op twee aangrenzende aminozuren (aminozuur paren) combinatie frequenties van volledige 
lengte eiwitsequenties van experimenteel geverifieerde organel- en cel-enveloppe eiwitten, vertoonde een 
uitstekende voorspellingsspecificiteit. Deze classifier ontdekte een fysicochemisch verschillend organellair sub- 
proteoom in het genoom van Kuenenia stuttgartiensis. Het merendeel van de SCL voorspellingen van eiwitten 
voor dit organel waren in overeenstemming met experimentele bewijzen.
Dit werk heeft het vermogen aangetoond van de machine learning methoden op het gebied van eiwit SCL 
voorspelling van feature selectie en data classificatie. De resultaten geven een sterke in silico ondersteuning, 
naast experimenteel bewijs, voor het bestaan van de anammoxosome in Kuenenia stuttgartiensis. Ze zijn een 
belangrijke stap voorwaarts in het ontrafelen van een geochemisch relevant geval van cytoplasmatische 
differentiatie in bacteriën.
Toekomstperspectief
Samengevat, in de voorspelling van eiwit lokalisatie, kunnen het nabootsen van het proces van eiwitsecretie, 
rationele keuze en combinatie van verschillende voorspellings software een aanzienlijke verbetering van de 
voorspelling van de gevoeligheid en nauwkeurigheid opleveren. Daarnaast is het machine learning algoritme 
ook een van de krachtigste oplossingen in dit gebied. Toch moeten we toegeven dat er in vele details nog steeds 
ruimte is voor verbetering, bijvoorbeeld in het herkennen van verkeerde starts van genen, of het voorspellen van 
zogenaamde "moonlighting proteins"; en het gebruik van machine learning moet de verschillende aspecten van 
het optimaliseren van de integratie van uiteenlopende informatie versterken, etc.. Maar het integreren van kennis 
uit verschillende bronnen produceert verrijkte en meer betrouwbare informatie in het ontcijferen van divergente 
fenotypes in bacteriën. Dit is een uitstekend uitgangspunt voor de voorspelling van eiwit lokalisatie en cellulaire 
eiwit-functie op de schaal van het genoom.
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Op het einde van dit proefschrift wijzen we er nogmaals op dat bioinformatica en het traditionele 
laboratoriumonderzoek complementair zijn. Niet alleen zijn experimenteel gevalideerde eiwitten nodig voor de 
ontwikkeling van bioinformatica programma’s; de bioinformatica voorspellingen leveren ook effectief 
aanwijzingen en doelen voor experimentele verificaties.
In de toekomst ligt dus de nadruk op, behalve het voortdurende gebruik van de nieuwste experimentele 
gegevens, de toetsing en verbetering van de nauwkeurigheid en stabiliteit van het algoritme voor grootschalige 
eiwit lokalisatie voorspelling. De programma’s CELLOII (gebruikt een double-layer-SVM algoritme om fouten 
te voorkomen) en PSORT v.3.0 (heeft nieuwe experimenteel geverficieerde trainingsdata ingebracht, en 
aangepaste nieuwe algoritmes) worden voortdurend verbeterd, en vormen een bemoedigend voorbeeld. 
Soortgelijke updates zullen ook worden uitgebracht voor de toekomstige versies van LocateP.
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